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Adiposity and cancer: epidemiology, 
mechanisms and future perspectives
 

Eleanor L. Watts    1  , Amparo Gonzalez-Feliciano1, Marc J. Gunter2,5  , 
Nilanjan Chatterjee    3,4,5   & Steven C. Moore    1,5 

Excess adiposity is a major modifiable risk factor for at least 19 cancer types, 
and the burden of obesity-related cancer is expected to rise substantially 
in the coming decades. A comprehensive understanding of underlying 
mechanisms and precise risk associations will be critical to inform targeted 
prevention strategies and reduce this burden. In this Review, we examine key 
biological mechanisms linking adiposity and cancer, including sex hormones, 
hyperinsulinaemia and chronic inflammation, alongside emerging insights 
from omics technologies, and tumour subtype-specific associations. We also 
highlight priorities for future research, including imaging-based adiposity 
measures, integration of multi-omics approaches and expanded data 
collection in lower-income settings and understudied populations. Finally, we 
consider the potential implications of emerging obesity pharmacotherapies, 
which may facilitate substantial weight loss at scale.

Obesity is a major global health challenge, affecting more than 1 bil-
lion people worldwide, with prevalence continuing to rise in nearly 
all regions1,2. By 2050, 3.8 billion adults, more than half the world’s 
population, are projected to be living with overweight or obesity2. The 
health consequences of obesity are profound, with excess adiposity 
now established as a cause of multiple chronic diseases, including type 
2 diabetes, cardiovascular disease and cancer.

In our systematic review and meta-analysis3, we report positive 
associations between body mass index (BMI) and 19 common cancer 
types (Fig. 1). These findings build on previous evaluations by the World 
Cancer Research Fund4 and the International Agency for Research 
on Cancer5, which found that higher BMI increased risk of at least 13 
cancer types. Emerging evidence also implicates BMI as a risk factor 
for many less common malignancies and subtypes6. The burden of 
obesity-related cancers is expected to increase substantially in com-
ing decades, particularly in low and middle-income countries, where 
increasing life expectancy now coincides with rapid nutritional and 
lifestyle transitions7,8.

This narrative Review contextualizes our meta-analysis by evalu-
ating current methods for measuring adiposity, global obesity trends 

and emerging evidence from weight loss and cancer studies. We sum-
marize established and emerging mechanisms linking obesity with 
cancer development, highlight insights from new omics research and 
discuss priorities for future epidemiological research on obesity and 
cancer. We also consider the implications of new obesity drugs for 
cancer prevention, which for the first time might facilitate substantial 
weight loss at scale9,10, and the potential for targeted cancer screening 
in populations living with obesity.

Adiposity measurement and its role in global 
cancer burden
Adiposity measurement
A prerequisite for quantifying the population-level burden of excess 
adiposity is accurate measurement of body fat. Gold-standard methods 
include computed tomography, magnetic resonance imaging (MRI) and, 
to a lesser extent, dual-energy X-ray absorptiometry (DXA). These meth-
ods make it possible to measure total fat and fat distribution in specific 
depots, such as subcutaneous adipose tissue (SAT; fat stored beneath the 
skin) and visceral adipose tissue (VAT; fat stored in the abdominal cav-
ity), the latter of which is implicated in poor metabolic health11 (Fig. 2a).
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bias remains uncertain. Nevertheless, BMI remains a robust and highly 
practical proxy for fat mass in population-level research.

Global trends in obesity and obesity-related cancers
The obesity epidemic began to emerge in the 1970s and 1980s, initially 
concentrated in high-income countries, before expanding and becom-
ing a global phenomenon17. The global age-standardized prevalence 
of obesity has risen substantially, increasing from 8.8% (confidence 
interval (CI) 8.5–9.1%) in 1990 to 18.5% (17.9–19.1%) in 2022 among 
women and from 4.8% (4.6–5.0%) to 14.0% (13.4–14.6%) among men1. 
Similarly, childhood and adolescent obesity have increased, with 
 prevalence rising from 1.7% (1.5–2.0%) to 6.9% (6.3–7.6%) in girls 
and from 2.1% (1.9–2.3%) to 9.3% (8.5–10.2%) in boys between 1990  
and 2022 (ref. 1). The obesity epidemic is driven by a combination 
of systemic factors. Globally, the most influential drivers are rising 
incomes and shifts in the food system that have made highly pro-
cessed, energy-dense foods inexpensive and abundant, combined with 
declining physical activity due to urbanization, motorized transport 
and sedentary occupations. Individual susceptibility is further shaped 
by genetics, the local environment and socioeconomic factors2,18,19.

The highest age-standardized prevalence of obesity is found in the 
Pacific Islands, the Middle East and North Africa, and North America1.  
South Asia is experiencing the fastest relative increase in obesity 
prevalence (BMI ≥ 30 kg/m2), increasing from 1% in 1990 to 9% in 2022  
(ref. 1) (Fig. 3a). The pattern of weight gain across the lifespan also 
varies geographically. In high-income Western countries, adults with 
obesity have, on average, experienced longer cumulative exposure to 
excess adiposity, whereas in South and Southeast Asia obesity preva-
lence has risen more sharply and more recently2. Across all regions, 
however, successive cohorts show increasing prevalence of obesity 
at a given age, reflecting a shift towards earlier onset2. Additionally, 
individuals of South and Southeast Asian ancestry may have a greater 
predisposition to central adiposity than those of European ancestry20, 
possibly related to differences in weight gain patterns over the life 
course, environmental factors and perhaps genetic factors21–23. Access 
to weight loss treatments also varies by region, with individuals in 
low-resource settings and those of lower socioeconomic status facing 
greater barriers to obesity management24,25, which is likely to further 
exacerbate health inequities.

Approximately 2.4% of all new cancer cases are presently esti-
mated to be directly attributable to high BMI. This percentage is 
greater in women than in men (3.4% and 1.6%, respectively)26. High  
BMI is a leading risk factor for the global cancer burden, behind 
tobacco and alcohol, accounting for 4.7% and 4.3% of disability- 
adjusted life years (DALYs) from cancer, for women and men,  
respectively27. However, there is uncertainty around the true burden 
due to limitations in exposure measurement, residual confounding 
and limited understanding of generalizability across global regions. 
The adiposity–cancer burden is currently highest in North America, 
but the fastest increases are occurring in low and middle-income 
regions (Fig. 3b). Moreover, the burden may be underestimated for 
some cancers and regions3. Greater obesity prevalence in younger 
populations might also be contributing to rising cancer diagnoses 
at earlier ages28.

Cancer disparities and the role of adiposity
In high-income countries, obesity is more prevalent among disadvan-
taged groups, including ethnic and racial minorities and individuals 
from lower socioeconomic backgrounds. This unequal distribu-
tion of obesity may contribute to disparities in cancer risk29,30. For  
example, in the USA, the prevalence of obesity in non-Hispanic  
Black women (56.9%) is much higher than in non-Hispanic white 
women (39.8%)31. As a result, the proportion of postmenopausal 
breast cancers attributable to obesity is nearly twice as high in Black 
women (28.3%) than in white women (15.4%)32. Similarly, the higher 

Until recently, such gold-standard measures have been too costly 
and complex to apply to large-scale research studies. Instead, most 
clinical and research studies assess adiposity by BMI, calculated by 
dividing weight (kg) by the square of height (m). Participants are 
typically classified as normal weight (BMI of 18.5–24.9 kg/m2), over-
weight (25–29.9) and obese (30+) based on World Health Organization 
criteria12. BMI is often criticized because it does not differentiate fat 
mass from lean mass and strongly correlates with lean mass (r ~ 0.75; 
Fig. 2b). Nevertheless, at the population level, BMI is more strongly 
correlated with body fat mass (r > 0.9) and other fat measures than 
with lean mass, hence its continued use in health research. Bioim-
pedance analysis is another method for measuring body composi-
tion, offering additional insights into fat-free mass. Although this 
method is less accurate than imaging techniques and cannot provide 
information on adiposity distribution, it is more feasible for larger, 
low-resource studies.

Waist circumference is also sometimes used as a proxy for fat dis-
tribution (for example, abdominal fat or VAT). However, it is uncertain 
whether waist circumference measures fat distribution effectively13–15. 
Waist circumference performs similarly to BMI in capturing VAT and 
shows similar correlations with SAT, suggesting a lack of specificity16 
(Fig. 2b).

In summary, most existing data on adiposity and cancer risk are 
derived from studies that assess BMI, a measure which does not fully 
capture fat mass. This limitation may attenuate or otherwise influence 
associations. Moreover, the inability to account for lean mass could 
introduce residual confounding, although the extent of any potential 
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Fig. 1 | Summary of findings from accompanying systematic review and meta-
analysis of BMI and risk of cancer types from observational studies. BMI was 
positively associated with risk of 19 cancer types and inversely associated with 3 
types3. For postmenopausal breast cancer, Mendelian randomization estimates 
appear to conflict with observational findings. This discrepancy may arise 
because genetically predicted BMI disproportionately predicts body size earlier 
in life. In contrast to adult BMI, higher early-life BMI is associated with a reduced 
risk of breast cancer, which may account for differences in estimates35,37. NHL, 
non-Hodgkin’s lymphoma; SQ, squamous cell carcinoma.
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prevalence of obesity and diabetes may contribute to the increased 
risk of pancreatic cancer in Black individuals33. Among individuals 
in lower socioeconomic strata, obesity and related risk behaviours 
contribute to higher risk of early-onset colon cancer, particularly for 
the right-sided colon34. These data indicate that the higher prevalence 
of obesity in under-resourced populations increases their cancer 
burden, at least for the few cancers that have been examined to date. 
A more systematic examination of the cancer burden attributable 
to obesity in historically underserved populations across all cancer 
types is needed.

In low and middle-income countries, obesity was once considered 
a disease of affluence, but as countries have undergone greater industri-
alization, the burden increasingly shifts towards lower socioeconomic 
groups25. This transition reflects global dietary changes and more 
sedentary lifestyles, suggesting that the social patterning of obesity 
in lower-income countries may come to mirror that in high-income 
settings, with important implications for future cancer disparities.

Adiposity and cancer associations
BMI and cancer risk
Rising obesity prevalence is likely to further increase the burden of 
BMI-related cancers worldwide. In our accompanying systematic review 
and meta-analysis, encompassing 1.5 million cancer cases, we identified 
positive associations between BMI and risk for 19 cancers: endometrial, 
oesophageal adenocarcinoma, kidney, gallbladder, gastric (cardia), 
liver, breast (postmenopausal), thyroid, meningioma, colorectal, mul-
tiple myeloma, leukaemia, head and neck (never-smokers), pancreatic, 
ovarian, non-Hodgkin’s lymphoma, prostate (aggressive), bladder 
(never-smokers) and glioma. Inverse associations were observed 
for oesophageal squamous cell carcinoma and lung cancer among 
never-smokers, and premenopausal breast cancer3 (Fig. 1). These asso-
ciations were broadly supported by Mendelian randomization studies, 
although generally with lower precision. Overall, our findings highlight 
the broad impact of excess adiposity on cancer risk, supporting high 
BMI as a common and likely causal risk factor for multiple cancer types. 
Notably, more than 99% of the cancer case data came from Europe 
(58.9%), East Asia (30.1%) and North America (10.6%), leaving most 
of the world’s population unrepresented in current epidemiological 
research on obesity and cancer.

Adiposity over the life course
Most prospective data on the association between BMI and cancer 
risk derive from BMI assessed at older ages, typically between ages 
50 and 70. However, cancer develops through the accumulation of 
mutational events over the life course, and many cancers also have 
long latency periods before becoming clinically apparent. Therefore, 
it is plausible that adiposity earlier in life may confer different cancer 
risks than BMI at later ages.

Current observational evidence suggests that early-life obesity 
may be a risk factor for pancreatic cancer, whereas adult obesity is 
more important for endometrial and postmenopausal breast can-
cer35. Mendelian randomization studies further support the associa-
tion of both early-life body size and adult BMI with obesity-related 
cancers. However, for most cancers, associations for genetically 
predicted early-life BMI generally attenuate after accounting for 
genetically predicted adult BMI in multivariable models36. Breast can-
cer is a notable exception: genetically predicted higher BMI in early  
life is associated with a lower risk of breast cancer, even after account-
ing for genetically predicted adult BMI35,37. This suggests that the 
increased risk observed for postmenopausal breast cancer is driven 
by weight gain later in life. A key limitation of genetic instruments for 
studying adult weight gain is their stronger association with early-life 
BMI, which stabilizes around adolescence38. The predictive strength 
of BMI genetic instruments diminishes over time owing to environ-
mental influences, limiting their ability to capture weight gain in 
later life.

Furthermore, studies examining adiposity over the life course 
face challenges due to the inherent interdependence of early-life BMI, 
gain in BMI during adulthood and adult BMI. These measures are not 
algebraically separable (that is, early-life BMI + gain in BMI = adult BMI), 
making it difficult to disentangle the distinct contributions of early-life 
and adult obesity to cancer risk in statistical models.

Intentional weight loss and cancer
Research on intentional weight loss and cancer risk can offer com-
plementary evidence for BMI–cancer relationships and help assess 
whether the increased risk linked to higher BMI can be mitigated 
through subsequent weight loss. However, evidence for the role of 
intentional weight loss on cancer risk is relatively sparse.
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DXA; abdominal SAT and VAT were measured using MRI. Correlations were 
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circumference; WHR, waist-to-hip ratio.

http://www.nature.com/natmetab


Nature Metabolism

Review article https://doi.org/10.1038/s42255-026-01529-5

Bariatric surgery is a highly effective weight loss intervention (for 
example, 30% reduction in body weight (95% CI 29–31%) after 1 year, 
and 21% reduction (95% CI 11–31%) after 10 years)39. This surgery is 
associated with a reduced risk of overall cancer incidence and consist-
ently associated with lower endometrial and possibly postmenopausal 
breast cancers (for example, odds ratio = 0.43 (95% CI 0.26–0.71) and 
0.49 (95% CI 0.33–0.72), respectively)40,41. For other cancer types the 
associations are less clear40. Similarly, in non-interventional cohort 
studies, associations of weight loss with breast and endometrial can-
cers appear to be the most robust (for instance, hazard ratio = 0.68 
(95% CI 0.50–0.93) for postmenopausal women with breast cancer 
who sustained ≥9 kg weight loss)42,43.

Glucagon-like peptide 1 receptor agonists (GLP1RAs) were initially 
developed for the treatment of type 2 diabetes and were first approved 
by the US Food and Drug Administration in 2005. More recently, they 
have demonstrated substantial efficacy in promoting weight loss (for 
example, 15% average weight loss over 68 weeks in adults with over-
weight or obesity)44. This evidence led to their subsequent approval 
for chronic weight management. Given that individuals with type 2 
diabetes were historically the primary recipients of these medica-
tions, several studies have examined the relationship between use of 
GLP1RAs and cancer risk in this population45–48. A recent large health 
registry study found that GLP1RAs were associated with a reduced 
risk for ten cancers compared with insulin49. However, GLP1RAs were 
not associated with cancer risk when compared with metformin, and 
kidney cancer risk was higher. This suggests that the inverse association 
of GLP1RAs compared with insulin may reflect confounding by indica-
tion, as insulin is prescribed for individuals with advanced diabetes49. 
More recently, a study of 919,609 individuals with type 2 diabetes 
found that, compared with six other glucose-lowering medications, 
GLP1RA use was associated with a lower risk of overall obesity-related 
cancers (hazard ratio = 0.87, 95% CI 0.83–0.91), and specifically for 
breast, colorectal, endometrial and ovarian cancers50. A key limita-
tion of studies in individuals with diabetes is the use of other diabetes 

medication as the control group, as these medications may have their 
own biological effects51,52. A recent target trial emulation analysis com-
prising 86,632 individuals, approximately half of whom did not have 
type 2 diabetes, also reported lower risks of endometrial and ovarian 
cancers and meningioma in individuals taking GLP1RAs, but a possible 
increase in kidney cancer risk after 8 years of follow-up53. The growing 
use of GLP1RAs for weight management underscores the need for sus-
tained pharmacovigilance studies to clarify long-term cancer outcomes 
among people without diabetes.

Evidence from randomized controlled trials of dietary interven-
tions for weight loss remains inconclusive largely due to low statistical 
power and limited follow-up durations54. The largest trial to date, the 
Look AHEAD (Action for Health in Diabetes) trial, randomized 4,859 
individuals with overweight or obesity and type 2 diabetes to either 
an intensive lifestyle intervention or a diabetes support and education 
programme. Over 11 years of follow-up, 684 participants developed 
cancer. The risk of obesity-related cancer in the intensive intervention 
group was lower but not statistically significant compared to the educa-
tion group (hazard ratio = 0.84, 95% CI 0.68–1.04)55. A key challenge in 
investigating intentional weight loss and cancer risk is the potential for 
concurrent lifestyle modifications (such as increased physical activity, 
healthier diet and reduced smoking).

Molecular mechanisms underlying adiposity–
cancer associations
In the next section, we review the molecular mechanisms underlying 
the contribution of obesity to cancer development. Adipose tissue 
is a complex endocrine system that interacts with numerous organs 
to maintain metabolic homeostasis. Body fat levels correlate with 
circulating levels of thousands of different metabolites, proteins 
and other biomarkers56,57. It is possible that only a small fraction of 
these, for example 5% or fewer, are relevant to cancer risk58. Moreover, 
only some individuals with obesity may have dysregulated levels of 
the cancer-pertinent factors. Approximately 10–30% of individuals 
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with obesity maintain metabolic health characterized by an absence 
of conditions such as gallstones, diabetes, hyperinsulinaemia, dys-
lipidaemia or fatty liver11. These individuals may have lower cancer 
risks compared with their metabolically unhealthy counterparts, 
although risk remains higher than in those who are metabolically 
healthy and lean11,59.

A detailed mechanistic understanding of the obesity–cancer asso-
ciation is essential for developing well-informed public health and clini-
cal interventions. The benefits of such a mechanistic understanding 
can be summarized by the acronym CRIB:

•	 Causality: Establishing a mechanistic understanding helps verify 
causality of the obesity–cancer association, thus providing strong 
justification for interventions.

•	 Risk stratification: Information on mechanisms can be used to 
stratify individuals with obesity for targeted interventions.

•	 Intervention refinement: Information on mechanisms can be used 
to optimize interventions so that they maximally reduce levels of 
these factors.

•	 Biology: Information on mechanisms may provide biological clues 
that facilitate development of targeted treatments (for example, 
drugs).

Distinguishing between those obesity-related factors that are 
relevant to cancer and those that are not continues to be a major 
research challenge. A key tool for this is ‘mediation analysis’ (Box 1), 
a method that allows many factors to be modelled simultaneously 
to determine those that quantitatively contribute the most to the  
obesity–cancer association.

Established mediators
There are three established hypotheses to explain the positive rela-
tionship between obesity and cancer risk: altered sex hormone con-
centrations, insulin resistance with hyperinsulinaemia, and chronic 
inflammation and adipokine dysregulation60 (Fig. 4).

Sex steroid hormones. In premenopausal women, circulating oes-
trogens are synthesized primarily in the ovaries, whereas in men 
and postmenopausal women, oestrogens are derived mainly from 
aromatase-mediated conversion of androgens to oestrogens in adi-
pose tissue61. As a result, excess adiposity leads to higher circulat-
ing oestrogen levels mainly in men and postmenopausal women, 
whereas in premenopausal women its effects on peripheral oes-
trogen concentrations are less pronounced62–64. The bioavailabil-
ity of circulating testosterone and oestradiol is modulated by sex 
hormone-binding globulin (SHBG), which binds to these hormones, 
limiting their migration into target tissues65. Higher adiposity has a 
strong inverse correlation with SHBG, relating to increased liver fat, 
insulin and pro-inflammatory cytokines66. In women, lower SHBG 
leads to higher circulating unbound (‘free’) testosterone and oestra-
diol concentrations63,64. In men, lower SHBG leads to a compensatory 
decrease in testosterone production, keeping free testosterone con-
stant, except for men with severe obesity62.

For female reproductive cancers, higher circulating oestradiol 
is associated with increased risks of breast cancer—particularly oes-
trogen receptor-positive tumours—and endometrial cancers, with 
concordant evidence from observational and Mendelian randomi-
zation studies63,64,67,68. While findings for ovarian cancer are mixed, 
there is evidence of subtype-specific associations, most notably for 
endometrioid tumours67,69. In postmenopausal women, oestradiol may 
mediate 24% of the relationship between BMI and breast cancer risk, 
and 49% for oestrogen receptor-positive tumours70. For endometrial 
cancer, an observational analysis estimated that oestrogens mediate 
21% of the BMI–cancer association71. Mendelian randomization media-
tion analyses further suggest that free testosterone and SHBG mediate 

15% and 7% of the relationship, respectively, although these analyses 
did not account for oestradiol72. Other oestrogens and sex steroid 
hormones may also contribute to mediating BMI–cancer associa-
tions but have been less frequently examined in mediation analyses. 
Similarly, circulating free testosterone is positively associated with 
female reproductive cancers, although these associations may not be 
independent of oestradiol73–75.

For prostate cancer, the interplay between BMI, testosterone 
and risk is complex. Higher BMI is generally associated with a lower 
risk of overall prostate cancer, but a modest increased risk of aggres-
sive disease76. Free testosterone can enter prostate cells, where it is 
converted to 5α-dihydrotestosterone, a more potent androgen that 
binds the androgen receptor and activates transcriptional pathways 
promoting cell growth and survival77, thus potentially increasing pros-
tate cancer risk78. Severe obesity is associated with low circulating free 
testosterone, consistent with observations that men with low free 
testosterone concentrations have a reduced risk of overall prostate 
cancer62,78. However, there is some evidence that very low testosterone 
concentrations may increase the risk of high-grade disease79,80. These 
complex relationships could partially explain why the association 
between BMI and aggressive prostate cancer appears weaker than for 
many other cancer types.

BOX 1

Mediation analysis
Statistical mediation analysis is a useful tool for identifying 
biological factors linking obesity and cancer risk. Unlike 
experimental analyses that directly manipulate study factors in 
animal models, mediation analysis instead uses formal statistical 
models to identify mediators. While there are key assumptions 
inherent in mediation analysis, this model-based approach is highly 
scalable and can be derived from human data, helping to ensure 
results apply to populations.

Traditionally, mediation analysis compares exposure–disease 
effects from two regression models, one without adjustment for 
mediators and one with adjustment. As applied to obesity and 
cancer, the ‘total effect’ is the obesity–cancer association without 
meditator adjustment, while the ‘direct effect’ is the association 
with such adjustment. Using the traditional formula, the percentage 
of excess risk that a mediator explains is the difference between 
these (total effect − direct effect) divided by the total effect209. The 
percentage excess risk integrates information on the strength of 
obesity–biomarker correlations and biomarker–cancer associations 
into a quantitative measure that can then be used to rapidly rank 
biomarkers for mediation potential.

Mediation analysis assumes that there is no unmeasured 
confounding between the mediator, exposure and outcome, and 
no intermediate confounders210, which may not hold given the 
thousands of biological factors related to obesity. In this context, 
any given candidate mediator may correlate with many other 
unmeasured cancer-related biological factors, thus giving rise 
to confounding. To better determine causal factors, mediation 
analyses should consider using high-throughput measures (for 
example, metabolomics and proteomics) to comprehensively 
evaluate and adjust for full panels of biological factors. This will 
facilitate the identification of the most relevant causal factors 
while helping to mitigate issues relating to inflation of attributable 
fractions211. Mendelian randomization-based mediation analysis 
offers a complementary approach to observational methods and 
may reduce some concerns about confounding212.
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Hyperinsulinaemia. Excess adiposity, particularly dysregu-
lated visceral fat, promotes insulin resistance and compensatory 
hyperinsulinaemia81, in part through adipose tissue dysfunction, which 
increases pro-inflammatory cytokines, reactive oxygen species and free 
fatty acids, thereby disrupting insulin signalling81,82. Reduced insulin 
sensitivity impairs glucose uptake, resulting in chronically elevated 
circulating insulin and glucose. Insulin binds with high affinity to the 
insulin receptor to activate signalling pathways, including the phos-
phatidylinositol 3-kinase–protein kinase B and the mitogen-activated 
protein kinase–extracellular signal-regulated kinase pathways, which 
regulate metabolism and cell proliferation82.

High fasting insulin concentrations and markers of insulin secre-
tion (for example, C-peptide), have emerged as important risk fac-
tors for many cancers, supported by both genetic and observational 
evidence83. Robust and consistent associations have been observed 
for insulin and risks of endometrial, renal, gallbladder, liver, breast, 
pancreatic and colorectal cancers72,83–85, and type 2 diabetes is a risk 
factor for many of these cancers (for example, liver cancer risk ratio 
(RR) > 2)83,84. Notably, Mendelian randomization mediation analysis has 
indicated that high fasting insulin mediates a substantial proportion 
(19%, 95% CI 5–34%) of the association between obesity and endometrial 
cancer72. Similarly, observational research suggests that high insulin 
may have an important mediating role between BMI and colorectal86 
and breast cancer70. For other common cancers, the evidence ranges 
from suggestive83,87, indicating a potential association without strong 
confirmation, or limited, often due to constraints of smaller and some-
times disparate studies83,88–90.

Insulin-like growth factors (IGFs) are structurally similar to insulin 
and stimulate cell proliferation while inhibiting apoptosis91. Higher 
circulating IGF-1 levels are consistently associated with increased 
risks of several cancers, particularly breast, prostate and colorectal 
cancers92–95. By contrast, obesity is associated with lower circulating 
IGF-1 concentrations96, whereas hyperinsulinaemia and obesity are 
associated with lower IGF-binding proteins (IGFBPs), particularly 
IGFBP-1 and IGFBP-2 (ref. 96), which modulate IGF bioactivity. How-
ever, after accounting for circulating IGF-1, current evidence provides 
limited support for independent associations between circulating 
IGFBPs and cancer risk92–94. Adipocytes also produce IGF-1 and other 
signalling molecules, suggesting that excess adiposity may enhance 
local IGF signalling within tissues and promote tumour growth despite 
lower circulating IGF-1; however, direct evidence remains limited97.

Inflammation. Obesity is characterized by chronic low-grade inflam-
mation. Adipose tissue secretes adipokines, which regulate inflamma-
tion and metabolic pathways98. Among the best characterized, leptin 
is generally pro-inflammatory and has been hypothesized to promote 
cancer risk, whereas adiponectin is anti-inflammatory and insulin 
sensitizing and may be protective.

Although positive associations between leptin and obesity-related 
cancers have been reported99–101, the totality of the evidence remains 
inconsistent101,102, and is not supported by Mendelian randomization 
analyses103. Adiponectin, primarily secreted by VAT, is downregulated 
in obesity owing to complex signalling relating to inflammation, oxida-
tive stress and adipocyte hypertrophy104. In epidemiological studies, 
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higher adiponectin concentrations have been associated with a lower 
risk of colorectal cancer, but these associations are generally attenu-
ated after accounting for BMI103,105,106. For other obesity-related cancers 
the evidence remains unclear101,107–109, and Mendelian randomization 
studies have not found strong support for a causal role72,103.

C-reactive protein (CRP) is another inflammatory biomarker 
potentially linking BMI to cancer risk. Whereas observational studies 
have generally shown positive associations between CRP levels and 
the risk of lung, colorectal and postmenopausal breast cancers101, 
Mendelian randomization analyses do not support a causal role for 
CRP, suggesting it is more likely a general marker of inflammation 
rather than a direct driver of carcinogenesis72,110. Emerging Men-
delian randomization studies indicate that associations between 
various inflammatory markers and cancer may be site and subtype 
specific111,112. Future research leveraging a broader integration of 
genetic and biomarker data, coupled with consideration of biological 
function to identify specific genetic instruments, holds promise for 
reducing pleiotropy and pinpointing the key inflammatory drivers 
of cancer aetiology.

Overall, the specific systemic inflammatory mediators under-
lying associations between adiposity and cancer remain poorly 
characterized. Investigating these markers is challenging due to sev-
eral limitations including the potential for reverse causation from 
preclinical disease and the difficulty of disentangling the effects of 
highly correlated biomarkers and obesity-related metabolic altera-
tions. For instance, leptin is strongly correlated with body fat per-
centage, limiting the ability to isolate its independent role in cancer 
risk113. Additionally, many inflammatory biomarkers share common 
signalling pathways, making it difficult to identify distinct causal 
mediators within the inflammatory cascade. These biomarkers can 
also be confounded by lifestyle factors such as smoking, further 
complicating interpretation114.

Beyond systemic biomarkers, adipose tissue may promote cancer 
development via local, pro-tumorigenic effects on adjacent organs. In 
lean individuals, the adipose tissue microenvironment is enriched in 
anti-inflammatory biomarkers; however, with weight gain, adipocyte 
hypertrophy and cell death trigger chronic inflammation, macrophage 
infiltration and formation of crown-like structures, a histological 
marker of adipose tissue inflammation. These processes drive the 
release of pro-inflammatory cytokines, prostaglandins and free fatty 
acids, promoting extracellular matrix remodelling, fibrosis, angiogen-
esis, increased oxidate stress and activation of oncogenic signalling 
pathways, creating a local microenvironment that supports tumour 
development115–117. These effects may be particularly relevant to driving 
tumour progression within adipose-rich microenvironments, such as 
breast, prostate and visceral organs, where adipocytes can directly sup-
ply fatty acids, a key lipid energy source for tumours117. Furthermore, 
adipose tissue can also inhibit rate-limiting lipogenic enzymes such as 
acetyl-CoA carboxylase 1, leading to increased protein acetylation and 
ultimately epithelial–mesenchymal transition, potentially increasing 
the risk of cancer progression and recurrence118.

Obesity also elevates the risk of clinical conditions marked 
by organ-specific inflammation or injur y—most notably 
gastro-oesophageal reflux disease (GERD)119,120, hypertension 
and kidney stones121–124, cholecystitis/gallstones125–127, metabolic 
dysfunction-associated steatotic liver disease128,129, pancreatitis130,131 
and rheumatoid arthritis132,133. These conditions are strongly associated 
with both obesity and with higher risk of site-specific cancers, with 
reported RRs ranging from ~1.5 to 16. Such conditions probably reflect 
sustained, tissue-level inflammatory processes more proximate to car-
cinogenesis than circulating biomarkers alone. However, pinpointing 
mechanistic biomarkers within affected tissues remains challenging 
because they typically require biopsy-based sampling that is difficult 
to scale in large prospective studies, leaving underlying pathways 
incompletely characterized.

Summary of established mediators. Overall, there is strong evidence 
that adiposity is a major risk factor for female reproductive cancers, 
strongly mediated by elevated circulating oestradiol concentrations 
in postmenopausal women. Hyperinsulinaemia probably has a general 
role in promoting carcinogenesis, particularly for metabolic organs; 
however, prospective data are limited for several cancer types. For can-
cers showing particularly large magnitudes of associations with BMI, 
the increased risk is largely driven by site-specific inflammation-related 
conditions. Systemic low-grade chronic inflammation may also con-
tribute to cancer development, although the identification of specific 
inflammatory biomarkers remains challenging (Fig. 5).

Emerging mediators
Beyond the well-established molecular mechanisms linking adiposity 
and cancer, additional mediating pathways probably exist but remain 
poorly characterized, and associations may vary by tumour subtype. 
Here, we highlight emerging evidence from omics studies, the micro-
biome and tumour subtype-specific analyses.

Omics-identified biological factors. The proliferation of ‘omics’ 
technologies, such as metabolomics and proteomics, has enabled 
the simultaneous quantification of thousands of biological analytes, 
allowing researchers to move beyond the study of more established 
mediators described above and to explore novel pathways. Recent 
metabolomics studies have identified strong candidate mediators 
of the obesity–cancer link. For example, 13 individual metabolites 
have been consistently associated with risk of postmenopausal 
breast cancer58,134–138, most of which also correlate with BMI58,139. These 
include understudied sex steroid hormone metabolites (for example, 
16α-hydroxydehydroepiandrosterone 3-sulfate), which are distinct 
from known hormonal risk factors58,134 and may mediate as much as 34% 
of the BMI–breast cancer association58, as well as asparagine and phos-
phatidylcholines with 34 to 36 carbon atoms134,136. For kidney cancer, 
two carnitines (C3-DC-CH3 and C5) mediated 20% of the BMI–kidney 
cancer association140,141. Lastly, a large European study of eight common 
cancer types identified nine metabolites or metabolite clusters robustly 
associated with cancer risk, including the BMI-associated metabolites 
phosphatidylcholines (36 carbon), glutamine and butyrylcarnitine142.

In other metabolomics studies, metabolite signatures of adipos-
ity were shown to mediate 13% of BMI’s association with endometrial 
cancer143, but did not substantially mediate associations with advanced 
prostate cancer144 or breast cancer145, and findings for colorectal can-
cer were mixed143,146. This relatively limited proportion of mediation, 
compared with studies of individual analytes, may reflect low statistical 
power or that these metabolite signatures lack specificity in capturing 
key causal pathways.

Beyond metabolomics, recent advances in large-scale proteomic 
profiling have enabled comprehensive analyses of the circulating 
proteome in population-based cohorts, most notably the UK Biobank. 
Studies indicate that 30–78% of measured proteins are associated 
with BMI, with many associations supported by orthogonal genetic 
evidence, highlighting the broad physiological effects of obesity57,147–149. 
However, to date, only a few studies have evaluated whether proteins 
mediate BMI–cancer associations86,150–152, an important and emerging 
area of investigation.

Weight loss interventions can also produce distinct and reproduc-
ible changes in an individual’s proteomic profile. A 30-protein risk 
score, developed in individuals with overweight or obesity treated with 
semaglutide, a commonly prescribed GLP1RA, captured drug-induced 
changes with high discrimination (area under the curve = 0.93). This 
score had lower levels of proteins that have been found to be ele-
vated in women with breast cancer153. Other interventions, such as 
very-low-calorie diets and bariatric surgery, are also associated with 
altered circulating protein levels154–156. Further research into these 
protein signatures may help us better understand the biological 
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mechanisms by which weight loss and specific treatments might  
reduce cancer risk.

Microbiome. The microbiome is dysregulated in obesity, with an 
observed reduction in the diversity of gut bacteria and decreased 
bacterial heterogeneity, which has been linked to increased systemic 
inflammation and effects on specific host receptors such as Toll-like 
receptors. Lipopolysaccharide, a component of the outer membrane 
of Gram-negative bacteria, can enter the circulation from the intestinal 
lumen via leaky intestinal tight junctions and can infiltrate tissues such 
as the liver or adipose tissues, triggering an innate immune response 
and increased pro-inflammatory cytokine expression157,158. Given that 
inflammation has a role in the progression of many cancers, it is plau-
sible that obesity-induced perturbations of the gut microbiota are a 
contributing factor in the link between adiposity and cancer. However, 
our understanding of the role of the gut microbiome in mediating the 
adiposity and cancer relationship is limited, as large-scale epidemio-
logical studies have generally not collected pre-diagnostic stool sam-
ples from participants to measure gut microbiota composition. The gut 
microbiota are a source of numerous metabolites such as short-chain 
fatty acids, steroid hormone metabolites and amino acid metabolites, 
many of which can induce physiological effects on host cells159,160. The 
specific role many of these metabolites have in cancer development 
and whether they contribute to pathways linking obesity with cancer 
is not well understood but remains a growing area of scientific interest.

Interaction of obesity with environmental and genetic cancer 
risk factors. Obesity may act synergistically with environmental or 

genetic risk factors, producing joint effects on cancer risk that exceed 
those expected from simply adding or multiplying their individual 
contradictions. Identification of such interactions could lead to an 
understanding of mechanisms of action and to identify subgroups of 
the population with specific profiles who may obtain the most benefit 
from modification of obesity or metabolic factors, such as targeted 
behavioural or chemoprevention (for example, metformin and aspi-
rin). Most notably for female reproductive cancers, the magnitude 
of the obesity association appears to be greater for women who are 
never-users of hormone replacement therapy, providing further evi-
dence that oestradiol lies on the causal pathway161–163. There is also 
evidence of a synergistic relationship between BMI, GERD and oesopha-
geal adenocarcinoma164.

There is currently limited evidence that the association of BMI 
with cancer risk varies based on polygenic risk scores for cancer165,166. 
However, polygenic risk scores aggregate association over many 
genes, which are likely to affect risk of cancer through different 
pathways. Therefore, evidence of interactions may be diluted, and 
future approaches that partition these scores or incorporate addi-
tional biological information may be needed to identify interactions. 
Genome-wide gene–environment interaction scans could help identify 
biologically meaningful interactions, revealing novel tumorigenic 
pathways modified by environmental exposures such as obesity or 
metabolic dysfunction. Newly developed methods, mainly within 
studies of colorectal cancer, have identified genetic variants whose 
effects are modified by environmental factors, some of which would 
have been missed through studying genetic effects alone. For instance, 
interactions have been observed between BMI and known colorectal 
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cancer loci such as SMAD7 (ref. 167). A recent analysis in the Genetics 
and Epidemiology of Colorectal Cancer Consortium also assessed 
gene–BMI interactions and discovered a new locus located within the 
FMN1/GREM1 gene region (rs58349661) that interacts with BMI in the 
association with colorectal cancer risk168. Owing to the substantial risk 
for false discovery and ensuing penalties for multiple comparisons, 
the discovery of new gene–environment interactions may be limited 
by statistical power and sample size requirements.

Differences by tumour subtypes. Classifying tumours by histological, 
molecular and mutation-defined subtypes does more than guide prog-
nosis; it can help clarify mediating pathways and causal mechanisms. 
For example, BMI has a larger magnitude of association with oestrogen 
receptor-positive breast cancer in postmenopausal women, consistent 
with an oestradiol-mediated mechanism161. In the upper gastrointesti-
nal tract, aetiological heterogeneity is evident: GERD—a key mediator of 
the obesity–cancer association—is a major risk factor for oesophageal 
adenocarcinoma and gastric cardia cancer119,120, whereas the predomi-
nant risk for oesophageal squamous cell carcinoma (tobacco, alcohol, 
mucosal injury) and non-cardia gastric cancer (Helicobacter pylori) are 
largely unrelated to adiposity169,170.

Examining associations by less well-characterized tumour subtypes 
requires large sample sizes, typically only achievable through pooled 
consortia or large administrative healthcare databases. In a pooled 
analysis of 4.1 million Swedish adults spanning 122 cancer types and 
subtypes, adiposity was associated with an increased risk of most can-
cers, but the direction and magnitude sometimes differed within cancer 
type6. For gastric cancers, positive associations were observed for 
cardia, gastrointestinal stromal and possibly neuroendocrine tumours, 
whereas non-cardia had an inverse association and the association for 
adenocarcinoma was null. Similarly, BMI was positively associated 
with cervical adenocarcinoma but inversely with squamous cell carci-
noma6. Analyses within lung cancer consortia have shown that BMI is 
positively associated with small-cell lung cancer, whereas associations 
are inverse for adenocarcinoma171,172. By contrast, for colorectal cancer, 
associations are broadly consistent across major molecular subtypes 
and histologies, suggesting that adiposity influences most colorectal 
carcinogenic pathways6,173,174, with a notable exception for Jass type 5 
(familial-like/Lynch syndrome) tumours, whereby for patients with this 
specific genetic profile, BMI might not be a contributing risk factor174.

At the genomic level, emerging evidence also suggests that 
obesity is associated with tumour-specific remodelling, includ-
ing distinct mutational signatures in renal cell carcinoma, endo-
metrial cancer and lung adenocarcinoma175,176, as well as unique 
profiles in metabolic dysfunction-associated steatohepatitis-related 
hepatocellular carcinoma177.

Aggregating heterogeneous cancer subtypes can obscure impor-
tant associations. By examining both the divergent and shared patterns 
among subtypes, we can gain a clearer understanding of the causal 
pathways underlying subtype-specific associations. This approach may 
also help explain regional differences in BMI–cancer associations and 
allow for more precise risk estimates. The specificity observed across 
some subtypes supports the existence of multiple, sometimes compet-
ing pathways, through which excess adiposity may affect cancer risk.

Future directions
As our understanding of the relationships between excess adiposity and 
cancer continues to evolve, recent advances present novel opportuni-
ties to elucidate underlying mechanisms and to translate these insights 
into cancer prevention strategies.

Pharmacological opportunities
There is growing interest in pharmacological agents for weight loss, 
most notably GLP1RAs. These drugs represent a promising non-surgical 
intervention, with randomized controlled trials demonstrating 

substantial weight loss. Given their favourable safety profile, defini-
tive randomized trials to assess the long-term health consequences of 
weight loss on cancer incidence appear feasible. Beyond direct obesity 
trials, GLP1RAs and related therapies provide a unique opportunity to 
use drug-induced weight loss as a surrogate measure to better under-
stand how obesity, and its reduction, influence cancer development, 
although disentangling the effects of weight loss from the broader, 
pleiotropic mechanisms of GLP1RAs will be complex178. However, 
whether large-scale trials will be conducted to specifically address 
cancer incidence remains uncertain, given the logistical and financial 
challenges. In the interim, natural experiments, such as leveraging 
differential access to these drugs across health systems or insurers 
and applying target-trial emulation methods to administrative data, 
may provide valuable complementary evidence.

Imaging data
CT and MRI technologies have only recently been deployed in large-scale 
cohort studies. The largest studies with imaging data available are the 
UK Biobank (target N = 100,000) and the German National Cohort 
(N = 30,000). The capability to directly measure fat mass, lean mass 
and fat depots provides a potentially more potent approach to delin-
eate the precise relationship between adiposity and cancer. Notably, 
higher fat-free mass might decrease risk of some cancers (for exam-
ple, lung cancer)179. Therefore, fat-free mass could confound some 
BMI–cancer associations, potentially resulting in an underestimate 
of adiposity’s impact on risk of certain cancers. While data are still 
accruing in the UK Biobank, early evidence shows the direct role of fat 
depots on site-specific cancer risk180–182. Imaging remains infeasible for 
many studies, but it may be possible to develop biological signatures 
of adiposity that might outperform BMI as an indicator of cancer risk 
and identify specific biomarkers of fat depots. If such signatures were 
demonstrated to be specific and generalizable, this could simplify 
research and extend study reach beyond imaging constraints.

Mendelian randomization
The increasing volume of genetic data provides greater breadth for 
Mendelian randomization approaches. To date, most studies have 
investigated genetically predicted BMI as the primary instrument in 
obesity–cancer analyses. Some of the genetic variants in the BMI instru-
ment may be associated with obesity via low lean mass or bone mineral 
density and may have heterogeneous associations with health183. Addi-
tionally, associations with adiposity distribution (for example, SAT and 
VAT) remain poorly characterized. Further, many BMI-associated single 
nucleotide polymorphisms are likely to be associated with confounders 
between obesity and cancer risk, and the presence of such systematic 
pleiotropic effects can lead to the same type of bias in Mendelian rand-
omization studies as expected from observation studies. In the future, 
it may be possible to cluster genetic variants into different groups based 
on their association with a wide variety of traits with greater precision, 
including high-throughput molecular markers, and thus tease apart the 
distinct genetic pathways leading to obesity and downstream health 
effects184,185. Mendelian randomization mediation analysis could also 
potentially be applied across thousands of biological factors. However, 
statistical power decreases with each additional mediator, which will 
be a major limitation. Further, many biomarkers, such as CRP, may 
not lie directly on causal pathways but instead act as surrogates for 
underlying biological processes, making a latent variable framework 
for Mendelian randomization analysis potentially more appropriate186. 
In addition, the growing availability of whole-genome sequencing 
offers new opportunities to refine instrument selection and elucidate 
biological mechanisms, enabling more targeted approaches.

Leveraging high-dimensional data with AI
The explosion of high-dimensional epidemiological data, includ-
ing genetic, proteomic, metabolomic, tumour imaging and clinical 
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information, offers unprecedented opportunities to refine under-
standing of obesity-related cancer risk and identify novel therapeutic 
candidates. Yet, the volume and complexity of these data present ana-
lytical challenges. Conventional statistical approaches, which rely on 
a priori model specification, often struggle to capture the nonlinear 
relationships. Building unifying models further requires harmonization 
of disparate data sources and standardization of naming conventions, 
which are difficult to achieve using traditional approaches, where inte-
gration is predefined and rule based rather than adaptive.

Artificial intelligence (AI) and machine learning approaches are 
increasingly being developed to address these challenges. For example, 
a deep learning model trained on a small set of labelled MRI scans was 
applied to large-scale unlabelled UK Biobank data to enable precise 
quantification of adiposity depots, revealing distinct and sometimes 
opposing associations with cardiometabolic disease risk187. Such work 
highlights the potential of AI to measure phenotypes that would oth-
erwise be inaccessible at scale.

In the future, more ambitious applications may be achievable. 
Deep learning models capable of simultaneously integrating adiposity 
measures, biomarker panels and cancer outcomes could reveal latent 
networks—hidden ‘neuronal’ structures—that illuminate the biological 
pathways through which obesity influences cancer risk. Similarly, deep 
learning-based genomic classifiers could help assign biological func-
tions to BMI-associated single nucleotide polymorphisms, enabling 
their partition into mechanistic clusters and linking polygenic risk more 
directly to specific metabolic or oncogenic processes188.

Nevertheless, important limitations remain. Key challenges 
include bias and confounding, limited generalizability to different pop-
ulations and a lack of transparency in algorithmic decision-making. Pri-
oritizing data collection in tumour subgroups and under-represented 
populations is essential to reduce overfitting and address systematic 
biases. Furthermore, as tumour subtyping becomes more granular 
and the number of variables expands, ever-larger sample sizes will be 
required to maintain statistical power, account for multiple testing 
and detect effect modification189.

Finally, establishing causality from complex data remains a central 
challenge. Triangulating evidence from orthogonal approaches, includ-
ing human observational studies, genetic analyses and experimental 
models such as preclinical systems and human organoids, provides a 
powerful strategy to identify biological mechanisms linking obesity 
and cancer190.

Routinely collected data and diverse populations
Routinely collected healthcare data are increasingly being used in place 
of traditional cohorts with direct participant enrolment, particularly in 
several European countries and in South Korea. The breadth of data col-
lected and opportunities for cross-database linkages are also expand-
ing191. This approach maximizes statistical power and external validity 
by including populations often under-represented in cohort studies. 
However, contemporaneous measurements of key confounders, such 
as smoking, remain inconsistent; data on diet and physical activity are 
rarely available, and clinical blood samples are seldom stored, limit-
ing the scope for detailed epidemiological and mechanistic analyses. 
Importantly, routine data infrastructures are facilitating the creation 
of very large, deeply phenotyped cohorts, such as Our Future Health 
(target enrolment ~5 million)192, while minimizing loss to follow-up bias. 
Together, these developments should improve power for multi-omics 
and subtype-stratified cancer analyses. Such approaches are more 
challenging in countries with fragmented healthcare systems, such 
as the USA.

There are also limited prospective data on BMI–cancer risk out-
side East Asia, Europe and North America. Expanding global data and 
broadening the diversity of enrolled populations are therefore essen-
tial. To this aim, the development of robust population-based cancer 
and mortality registries, alongside improved healthcare infrastructure 

is essential to facilitate accurate data collection at scale193–195. Such 
expansion is crucial to understand the complex interplay of genetic, 
environmental and cultural factors that might influence obesity and 
health outcomes, thereby strengthening causal inference. Improved 
understanding will enhance healthcare forecasting, policy planning 
and the formulation of more effective prevention and intervention 
strategies that address specific challenges and contexts of these 
regions or populations. This approach is important to achieve more 
equitable global health improvements.

Tissue samples
Many of the biological effects of obesity are expected to occur locally 
within tissues, where excess adiposity can shape the microenvironment 
and influence early carcinogenic processes. Beyond investigating the 
molecular and mutational features of malignant tumour tissue in peo-
ple with and without obesity, analyses of non-malignant tissues from 
individuals across the weight spectrum may also help capture these 
local effects. Such comparisons could clarify the early, tissue-specific 
pathways through which obesity promotes carcinogenesis. For exam-
ple, people with higher BMI may carry a greater burden of PIK3CA 
gain-of-function clones in normal oesophageal epithelium, suggesting 
that obesity may locally promote the expansion of cancer-linked muta-
tions196. However, insights into these local processes remain limited, 
as collecting such tissues is logistically difficult, invasive and typically 
feasible only under specific clinical circumstances.

Collection of normal tissues from patients undergoing weight 
reduction surgery, pharmacological interventions or diet-induced 
weight loss programmes could offer a valuable resource for under-
standing mechanistic pathways in vivo. Ongoing studies have already 
provided novel insights, showing that weight loss is associated with 
reduced cell proliferation and enhanced immune surveillance, and 
partial rejuvenation of local adipose tissue197–199.

Clinical and policy implications
Given the large and growing burden of obesity-related cancers, pub-
lic health strategies for weight gain prevention, effective obesity 
treatment and tailored cancer surveillance in individuals with over-
weight and obesity will be critically important for cancer control in 
the coming decades.

Public health policy
No country has succeeded in reversing its obesity trends. Current poli-
cies include promoting healthier food choices and physical activity and 
reducing unhealthy foods via education and taxes/subsidies200. Taxes 
on sugar-sweetened beverages are increasingly applied and have been 
shown to reduce the purchase of sugary drinks or incentivize refor-
mulation, but the direct effects on obesity are difficult to measure201. 
Despite these efforts, adverse obesity trends persist, demonstrating 
that policies have been insufficient. Policymakers should continue to 
develop strategies that address the modifiable systemic factors that 
influence weight gain, such as obesogenic environments and the com-
mercial determinants of health202. However, given the limited success 
of policies, radical new approaches to tackle obesity might also be 
necessary. Given the ‘stickiness’ of obesity once onset, for individuals 
where prevention measures have not succeeded, greater acceptance 
of medical interventions may be required.

Obesity treatment
The emergence of GLP1RAs presents an unprecedented opportunity 
to treat obesity with improvement in health outcomes. However, 
long-term treatment may be required due to known weight regain 
following treatment withdrawal, and the side effects such as gastro-
intestinal disturbances and rare but serious complications may limit 
tolerability for some patients203. The high cost of these drugs could 
also inadvertently widen health disparities, particularly given the 
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higher prevalence of obesity in low-income populations. Therefore, 
careful consideration is needed to ensure equitable access and health 
improvement. Furthermore, high rates of treatment discontinuation, 
for example a one-year discontinuation rate of 64.8% (95% CI 64.4–
65.2%), underscores substantial challenges in sustaining long-term 
adherence204. Given these limitations in current pharmaceutical 
weight loss interventions, identifying potential therapeutic targets 
that might offset some of the harmful metabolic effects of obesity is 
likely to remain an important research priority.

Targeted screening and intervention
Obesity is a risk factor for a wide spectrum of diseases, meaning that 
the ideal clinical implementation for screening and interventions must 
account for a person’s risk across multiple health outcomes, including 
but not limited to cancer.

To achieve this, models are needed that predict the absolute risk 
of a broad spectrum of health outcomes, including the likelihood of 
developing at least one obesity-related disease, overall mortality or 
DALYs. Such models could identify individuals most likely to benefit 
from interventions by incorporating not only obesity status but also 
other key risk factors including age, gender, social determinants of 
health, lifestyle and biomarker-based risk scores205,206. Such models 
could identify the highest-risk patients most likely to benefit from 
targeted interventions, enabling a data-driven approach to prioritize 
disease surveillance, lifestyle modification and personalized treat-
ment. A risk-stratified strategy not only enhances precision but also 
promotes scalability and cost-effectiveness by optimizing resource 
allocation within healthcare systems.

Novel approaches are also being developed that integrate risk 
estimates derived from Mendelian randomization studies into obser-
vational risk prediction models. This integration will enhance the 
accuracy and reliability of forecasts regarding the effects of targeted 
obesity interventions, both for individuals and different populations 
categorized by risk group207.

Conclusion
There is strong evidence that excess adiposity increases the risk of 
many cancer types, and its contribution to the global cancer burden 
will rise further as obesity prevalence continues to increase. While 
established molecular mediators explain part of this relationship, 
advances in multi-omics, the collection of large-scale imaging data 
and computational methods for processing complex data are poised 
to refine mechanistic understanding and uncover relationships across 
tumour subtypes. These insights will be critical for informing targeted 
prevention and surveillance strategies, shaping effective public health 
policy, and ultimately reducing the future obesity–cancer burden.
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