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Summary
Background Previous prediction models for adiposity gain have not yet achieved sufficient predictive ability for clinical
relevance. We investigated whether traditional and genetic factors accurately predict adiposity gain.

Methods A 5-year gain of ≥5% in body mass index (BMI) and waist-to-hip ratio (WHR) from baseline were predicted
in mid-late adulthood individuals (median of 55 years old at baseline). Proportional hazards models were fitted in
245,699 participants from the European Prospective Investigation into Cancer and Nutrition (EPIC) cohort to
identify robust environmental predictors. Polygenic risk scores (PRS) of 5 proxies of adiposity [BMI, WHR, and
three body shape phenotypes (PCs)] were computed using genetic weights from an independent cohort
(UK Biobank). Environmental and genetic models were validated in 29,953 EPIC participants.
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Findings Environmental models presented a remarkable predictive ability (AUCBMI: 0.69, 95% CI: 0.68–0.70;
AUCWHR: 0.75, 95% CI: 0.74–0.77). The genetic geographic distribution for WHR and PC1 (overall adiposity) showed
higher predisposition in North than South Europe. Predictive ability of PRSs was null (AUC: ∼0.52) and did not
improve when combined with environmental models. However, PRSs of BMI and PC1 showed some prediction
ability for BMI gain from self-reported BMI at 20 years old to baseline observation (early adulthood) (AUC: 0.60–0.62).

Interpretation Our study indicates that environmental models to discriminate European individuals at higher risk of
adiposity gain can be integrated in standard prevention protocols. PRSs may play a robust role in predicting adiposity
gain at early rather than mid-late adulthood suggesting a more important role of genetic factors in this life period.

Funding French National Cancer Institute (INCA_N◦2019-176) 1220, German Research Foundation (BA 5459/2-1),
Instituto de Salud Carlos III (Miguel Servet Program CP21/00058).

Copyright © 2024 Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND IGO license
(http://creativecommons.org/licenses/by-nc-nd/3.0/igo/).
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Research in context

Evidence before this study
Previous research has shown that environmental prediction
models incorporating socio-demographic and lifestyle factors
lack the predictive accuracy necessary for clinical relevance in
forecasting adiposity gain. While genetic factors are known to
contribute to obesity, their combined predictive ability with
environmental factors has not yet been thoroughly evaluated.

Added value of this study
This study leverages data from the extensive European
Prospective Investigation into Cancer and Nutrition (EPIC)
cohort to evaluate both environmental and genetic predictors
of adiposity gain. By employing proportional hazards models
and polygenic risk scores (PRS) derived from the UK Biobank,
we assessed the predictive capabilities of these factors over a
5-year period. Our findings highlight that environmental
models alone offer significant predictive ability for BMI and
WHR gain. However, the integration of PRSs shows

considerable predictive ability specifically for BMI gain in early
adulthood, though it remains ineffective in mid-late
adulthood.

Implications of all the available evidence
Our study underscores the importance of integrating robust
environmental models into standard adiposity prevention
protocols, as these models can effectively identify individuals
at higher risk of adiposity gain. The limited predictive ability
of PRSs in mid-late adulthood suggests that genetic factors
may play a more crucial role in early adulthood. These insights
emphasize the need for age-specific approaches in using
genetic data for predicting adiposity, paving the way for more
tailored prevention strategies across different life stages. This
research supports the potential for personalized prevention
programs that account for both environmental and genetic
factors, enhancing the overall effectiveness of obesity
prevention efforts.
Introduction
Obesity is characterized by excess body fat and is
defined as a body mass index (BMI) ≥30 kg/m2. In the
WHO European Region, approximately 23% of adults
are living with obesity, and the prevalence is projected to
increase to 30% by 2030.1 Obesity has substantial eco-
nomic and societal impacts, it is a major determinant of
disability, and 22% of preventable deaths result from a
high BMI in the European region.1

Among the main drivers of obesity are environ-
mental factors that favour a positive energy balance and
weight gain2; however, individual predisposition to
obesity also has a heritable and genetic basis.3,4 Genome-
wide association studies (GWAS) identified thousands
of genetic loci associated with obesity-related anthropo-
metric traits,3,4 including body shape phenotypes.5 A
single genetic locus has a minimal impact on complex
traits; however, the cumulative genetic risk can be
substantial.6 Polygenic risk scores (PRS) have been
progressively investigated to predict individuals at
higher risk of a particular condition.7–11 In addition, PRS
have also been used to assess the genetic contribution to
the European regional differences in anthropometric
traits.12 Recently developed Bayesian approaches for
building PRS allow modelling linkage disequilibrium
(LD) between genetic variants to generate genome-wide
infinitesimal models that outperform the traditional
approach of pruning by LD followed by P value
threshold.13 Thus, Bayesian-based PRS on anthropo-
metric traits could improve the predictive ability beyond
environmental models.

Several attempts to identify individuals that are more
prone to weight gain have been made in the last years,
but with little success or generalizability.14,15 For
www.thelancet.com Vol 111 January, 2025
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instance, Steffen et al. developed a predictive score for
substantial weight gain (10% or more) over 5 years
among European adults from the European Prospective
Investigation into Cancer and Nutrition (EPIC) cohort.14

This model included 13 socio-demographic, dietary, and
lifestyle factors that showed a rather low predictive
ability. Therefore, discovery of other relevant predictors
beyond those previously examined is needed. Whether
PRS of obesity could improve prediction of adiposity
gain has not been investigated.

In this work, we aimed to develop and validate a
prediction model for adiposity gain based on environ-
mental predictors and evaluate the added value of PRS
in 275,652 EPIC participants across 8 European coun-
tries. We first built environmental models to predict 5-
years BMI and WHR gain. Second, we computed
Bayesian-based PRSs for anthropometric traits (BMI,
WHR, and three distinct body shapes). Third, we fitted
the PRSs in 47,014 individuals from UK Biobank and
assessed their predictive ability beyond the environ-
mental models.
Methods
Study population: EPIC cohort
The EPIC study is a European prospective multicentre
cohort that recruited approximately 520,000 men and
women between 1992 and 2000.16,17 Most of the partic-
ipants were aged between 35 and 65 at baseline and
were selected from the general population, with few
exceptions (Supplemental text), of Denmark, France,
Germany, Greece, Italy, the Netherlands, Norway,
Spain, Sweden, and the United Kingdom. Exclusion
criteria were based on individuals with cancer, unreal-
istic anthropometric traits measurements, and from
Greece and Norway due to administrative reasons
(Fig. S1). Sample was divided into two groups: devel-
opment (N = 245,699) and validation (N = 29,953)
depending on the availability of genetic data to compare
the different prediction models in the same group of
individuals. Further details on exclusions and sample
sizes are included in Supplemental text and Fig. S1.

Anthropometry and lifestyle factors
At baseline, weight, height, waist, and hip circumfer-
ence were measured by trained personnel following
standard protocols, except France and UK–Oxford,
where these traits were self-reported (Supplemental
text).18 At follow-up, anthropometric traits were self-
reported, except for UK–Norfolk and NL-Doetinchem,
where they were measured. The mean time difference
between baseline and assessments was 7.4 years across
study centres, ranging between 3.3 and 11.9 years. Data
on self-reported weight at age 20 years was also
collected.

At baseline, information on socio-demographic and
lifestyle factors, and medical history were collected
www.thelancet.com Vol 111 January, 2025
using questionnaires.17 Further, participants reported
their average food consumption over the past year. Food
intake (gram/day) was obtained considering the fre-
quency intake as well as the portion size.

Statistics–environmental models
We developed prediction models for a ≥5% gain in BMI
and WHR over a 5-year period. The ≥5% threshold was
selected to avoid random anthropometric trait variation
and for its clinical importance.19 A total of 245,699 and
44,190 EPIC participants with repeated measurements
of BMI and WHR data, respectively, were used to train
the environmental models. Mann–Whitney U and chi-
squared tests were performed to evaluate differences
between development and validation samples. Pre-
dictors included in the proportional hazard model were
selected using a stepwise forward model selection based
on the Akaike Information Criterion (AIC). Potential
predictors available in EPIC included 40 socio-
demographic characteristics such as age, country, sex
and level of education, as well as lifestyle factors
including the anthropometric trait at baseline, smoke
(status and intensity), physical activity, alcohol intake (at
recruitment and pattern) and up to 30 different food
groups (alcoholic beverages; cakes and biscuits;
carbonated/soft/isotonic drinks, diluted syrups; cereal
and cereal products; coffee, tea, herbal teas; condiments
and sauces; dairy products; egg and egg products; fat;
fish and shellfish; fruit and vegetable juices; fruits, nuts
and seeds; legumes; meat and meat products; miscel-
laneous; non-alcoholic beverages; potatoes and other
tubers; soups, bouillons; sugar and confectionary;
USDA Alcohol, ethyl (g); USDA Carbohydrate, by dif-
ference (g); USDA Energy (kcal); USDA Protein (g);
USDA Total lipid (fat) (g); vegetables; waters; and the
four NOVA groups which assess the level of food pro-
cessing). Food groups were measured in grams per day
(g/day), unless otherwise indicated. Predictors present-
ing a beta estimate lower than 0.001 (both sides) were
removed to achieve a simpler model with the strongest
predictors. Correlations between selected predictors
were estimated to assess potential multicollinearity. A
model excluding the predictor country was further
assessed to enhance generalizability.

We used Cox proportional hazard regression to es-
timate the coefficients for the predictors and to account
for the time of reaching BMI and WHR gain. An event
was defined as a ≥5% gain between baseline and second
assessment of BMI or WHR, respectively. Time to event
for cases assumed a linear BMI or WHR gain. Non-
cases were censored at the end of follow-up.

Five-year absolute risks were estimated by
combining the relative risk estimates from the Cox
regression with the baseline survivor function
(Supplemental text).20,21 The predictive ability of all
models was evaluated in the validation sample of 29,953
(11% of the whole sample) and 6456 (13%) EPIC
3
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participants for BMI and WHR gain, respectively,
through cumulative/dynamic time-dependent AUC at
time 5 years.22–24

Statistical analyses were performed using timeROC
package25 in R 4.2.1 and RStudio.26,27

Genome-wide data
Genetic data was available from 29,953 EPIC partici-
pants (validation prediction sample) from 20 case–
control studies. DNA samples were genotyped through
different genotyping platforms. Details on genotyping
platforms, and sample sizes for each case–control study
can be found in Supplemental text and Table S1. Ge-
netic data were normalized, centralised, and imputed at
the International Agency for Research on Cancer
(IARC). Normalization across studies was performed to
complete information on chromosome, position, and
allele codes, harmonize the genome build version be-
tween studies, fix the strand orientation on the positive
strand, and standardize the genetic variants annotation.
Centralisation was based on the following exclusions:
sample and genetic variants call rate (cut off >90%), sex
discrepancies between genotype and phenotype, close
relatives (>0.8), and population outliers to mitigate the
variance introduced by diverse ancestries. Imputation
was performed by the Michigan imputation server using
the 1000 Genomes Project Phase 3 v528 as reference
panel in the Genome Reference Consortium Human
Build 37. Finally, post-imputation quality control was
performed keeping the genetic variants by minor allele
frequency (MAF) > 0.01 and imputation info-score >0.3.

Data on 47,014 individuals from UK Biobank with at
least two measurements of BMI and WHR were
extracted. UK Biobank is a prospective cohort study with
over 500,000 individuals from 22 study centres in En-
gland, Scotland, and Wales. Participants between 38 and
73 years old were recruited between 2006 and 2010.
Data on anthropometry, lifestyle, health-related in-
dicators, and biological samples were collected.29 In-
dividuals were genotyped using either a custom
Affymetrix UK Biobank Axiom Array chip or a custom
Affymetrix UK BiLEVE Axiom Array chip.29,30

Statistics–genome-wide models
To develop Bayesian-based PRSs, we obtained summary
statistics from large GWAS on BMI, WHR, and three
body shapes. Body shape phenotypes are derived from
principal component (PC) analyses of 6 anthropometric
traits (height, weight, BMI, waist and hip circumfer-
ences, and WHR). It is observed that the first 3 PCs
(PC1-3) are independent and genetically capturing
additional adiposity than BMI and WHR. PC1 charac-
terized overall adiposity. In contrast to previous publi-
cations,5,31,32 the PRS of PC2 was reversed defining short
individuals with central adiposity. PC3 described tall
individuals with central adiposity. Further details can be
found in Supplemental text. PRSs in EPIC were
computed for these 5 proxies of adiposity using the
LDPred2-auto computation algorithm.33 LDpred2-auto is
a Bayesian approach that showed improved predictive
performance for PRSs, though the performance may
vary depending on the specific trait.33 LDpred2-auto es-
timates the regional LD structure using GWAS sum-
mary level statistics and a LD reference panel based on
1,444,196 genetic variants from HapMap3
(Supplemental text).33 PRS were standardized through z-
score transformation to enhance interpretability. The
geographic distribution of PRS across EPIC countries
was assessed and compared with the geographic distri-
bution of similar PRS of 396 European participants
from the 1000 Genomes Project Phase 3 (UK [N = 89],
Finland [N = 96], Italy [N = 107], and Spain [N = 104]).28

We assessed the association between PRSs and BMI
and WHR gain, separately, using Cox proportional
hazard models. These were adjusted for age at baseline,
country, sex, first ten genetic PCs, batch, and BMI or
WHR at baseline. Analyses were performed by sex,
North and South Europe, and above and below median
baseline age (55 years) (Supplemental text). Likelihood
ratio tests were used to compare models with and
without multiplicative interaction terms between PRSs
and sex, PRSs and European region, and PRSs and age.
PRSs and Cox proportional hazard models were also
derived and fitted in UK Biobank sample to indepen-
dently estimate the coefficients of the PRSs in relation to
BMI and WHR gain.

The predictive ability of the 5 PRSs was validated in
EPIC (N = 29,953 and 6456 for BMI and WHR gain,
respectively) individually and combined with the environ-
mental models. Specifically, for BMI gain, we combined
the environmental model with each of the PRS for BMI
and the three body shape phenotypes. Likewise, for WHR
gain, we combined the environmental model with the PRS
of WHR and PC1-3. Correlations between individuals’
scores of the environmental models and the PRSs were
further investigated. Lastly, we assessed the predictive
ability of PRS of BMI for BMI gain at age 20 years.

Sensitivity analyses were conducted by excluding
individuals who developed conditions such as diabetes
or cardiovascular diseases, or who were under hormone
replacement therapy (HRT) after 1 year following the
follow-up assessment. Additionally, a 10-fold cross-
validation was performed on the validation samples to
ensure results were not influenced by differences be-
tween the development and validation groups. Further
sensitivity analyses included assessing BMI and WHR
as continuous variables, as well as restricting the follow-
up period between 5 and 9 years.

Ethics statement
This study complies with the Declaration of Helsinki.
EPIC was approved by the Ethics Committee of the
www.thelancet.com Vol 111 January, 2025
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International Agency for Research on Cancer (IARC)
(ref IEC 14–02), Lyon, France, as well as the local ethics
committees of the study centres. All participants pro-
vided written informed consent for data collection and
storage as well as individual follow-up.

The UK Biobank study was approved by the North-
west Multi-Centre Research Ethics Committee (refer-
ence for UK Biobank is 16/NW/0274) and all
participants provided written informed consent to
participate in the UK Biobank study. This research has
been conducted using the UKB Resource under Appli-
cation Number 55870.

Role of funders
The funders had no role in the study design, data collec-
tion, data analysis, interpretation or writing of this report.
Results
The mean age (SD) of the study participants (68%
women) at baseline in EPIC was 51 (7.4) years. In UK
Biobank, the mean age of the study participants (49%
women) at baseline was 55 (7.5) years. Further baseline
characteristics are shown in Table S2.

Environmental models
After a median follow-up of 5.3 years (IQR: 4.0–9.0) and
8.8 years (IQR: 5.1–11.1), 66,360 (27.0%) and 25,429
(57.5%) of the individuals experienced BMI and WHR
gain, respectively.

After the selection procedure, BMI and WHR gain
models included, respectively, 14 and 10 socio-
Fig. 1: Time-dependent Area Under the Curve (AUC) for the prediction
model, PRS of BMI, WHR, and body shape phenotypes (PC1-3), and en
BMI and WHR gain were developed in 245,699 and 44,190 individuals, res
for WHR gain. BMI, body mass index; PC, principal component; PRS, pol

www.thelancet.com Vol 111 January, 2025
demographic, lifestyle, and dietary predictors. Both
models included sex, country, BMI/WHR at baseline,
level of education, smoking status, physical activity,
consumption of condiments and sauces, and meat and
meat products. The BMI gain model further included
age at baseline, alcohol intake, and consumption of cake
and biscuits, egg and egg products, fish and shellfish,
and processed culinary ingredients (NOVA 2) such as
table sugar, oils, and salt. The WHR gain model addi-
tionally selected consumption of fat and potatoes. Low
correlation estimates were found between the predictors
selected in each model (Fig. S2). Beta estimates of as-
sociations of the selected predictors with BMI and WHR
gain including and excluding country are presented in
Table S3 and Table S4.

The AUC in the validation sample for BMI gain was
0.687 (95% CI: 0.679–0.696) (Fig. 1 and Table S5). Es-
timates were similar in men and women (Table S5) and
by BMI category (Table S6). The predictive ability of the
model decreased after removing country (AUC: 0.642,
95% CI: 0.634–0.651). In contrast, the model performed
better in southern (AUC: 0.774, 95% CI: 0.758–0.791)
than in northern European regions (AUC: 0.649, 95%
CI: 0.638–0.659) (Table S5). For WHR gain, the AUC
was 0.752 (95% CI: 0.738–0.766) for the overall popu-
lation, being similar by sex (Fig. 1 and Table S5).
Removing country from the model only marginally
affected the predictive ability (AUC: 0.741, 95% CI:
0.727–0.755). The AUC was higher in southern
(AUC: 0.766, 95% CI: 0.750–0.782) than in northern
European regions (AUC: 0.719, 95% CI: 0.690–0.747)
(Table S5).
of BMI and WHR gain in a period of 5 years for the environmental
vironmental and PRS models combined. Environmental models for
pectively. All models were validated in 29,953 for BMI gain and 6456
ygenic risk score; WHR, waist-to-hip ratio.

5
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Polygenic risk scores
The geographic distribution of the PRS for BMI and PC2
(short, high WHR) showed higher mean values in south-
ern than northern European countries (Fig. 2). In contrast,
the geographic distribution of PRS for WHR, PC1 (overall
adiposity), and PC3 (tall, high WHR) presented higher
mean values in northern rather than in southern European
countries (Fig. 2). All patterns were consistently replicated
in the 1000 Genomes sample (Fig. 2).

After a median follow-up of 5.16 years (IQR:
3.58–6.95) and 8.82 years (IQR: 5.38–11.18), 6619
(22.1%) and 3503 (54.3%) of the individuals experienced
BMI and WHR gain, respectively.

All PRSs were positively associated with BMI and
WHR gain except PC3 PRS that showed an inverse asso-
ciation with BMI gain (Fig. 3 and Table S7). Associations
between PRS of PC2 and PC3 and WHR gain were less
robust (Fig. 3 and Table S7). Results were consistent in UK
Biobank, by sex, European region, and age (threshold at 55
years) (Fig. 3 and Tables S7–S9). Evidence of interactions
between PRSs and sex, demographic regions, or sex was
not found (Tables S8 and S9).

For BMI and WHR gain, PRSs showed null predic-
tive ability (Fig. 1 and Table S10). Similar results were
observed by European regions and by sex (Table S10).
PRS for BMI and PC1 showed a stronger predictive
ability for BMI gain in early adulthood (∼20 years old)
(AUCPRS BMI: 0.618, 95% CI: 0.606–0.631; AUCPRS PC1:
0.601, 95% CI: 0.589–0.613) (Fig. 4 and Table S10).
When environmental and PRSs were combined, the
predictive ability did not improve for either BMI or
WHR gain (Fig. 1 and Table S11).

All the sensitivity analyses showed similar results
(Table S12). Additionally, individuals’ environmental
model scores and PRSs were not correlated (Table S13).
Discussion
In this longitudinal study across eight European coun-
tries, we developed and validated environmental
Fig. 2: Genetic predisposition by European country to BMI (dark blue),
EPIC cohort (top) and 1000 Genomes Project (bottom). PRS were deve
respectively. BMI, body mass index; PC, principal component; PRS, polyg
prediction models of BMI and WHR gain over a period
of 5-years at mid-late adulthood. We combined an
environmental prediction model with genetic factors by
adding PRSs for BMI, WHR, and 3 body shapes phe-
notypes. We found that the environmental model ach-
ieved a remarkable predictive ability, which could help
to risk-stratify middle-aged men and women for
adiposity gain. Adding the PRSs for BMI, WHR, or
three body shape phenotypes did not improve the pre-
dictive ability of the environmental models. In addition
to our main findings, we reported differences in the
European genetic distribution of these anthropometric
traits showing that individuals from northern countries
are genetically more susceptible to higher adiposity than
from southern European countries when height is not
relevant for the trait.

A high-performance adiposity gain prediction model
is key to identify individuals at high risk of obesity and,
consequently, at high risk of numerous comorbidities
and health outcomes. Previous work did not attain suf-
ficient predictive ability (AUC = 0.57),14 or was restricted
to a particular country,15 challenging the evaluation of its
transferability across Europe. Our work adds insights in
the usefulness of genetics for adiposity gain prediction
models, suggests relevant environmental predictors,
and provides a validated model applicable to European
individuals. The improvement in adiposity gain predic-
tion in our study (AUC = 0.69 vs AUC = 0.57) was not
due to the addition of a PRS of adiposity related
anthropometric traits, but is rather explained by a larger
number of candidate predictors (40 vs 21 items) and a
larger sample size (245,699 vs 53,758), which may
contribute to a more precise characterization of the
distinct patterns that lead to adiposity gain, regardless
the different dietary patterns across European coun-
tries.34 Main differences between predictors included a
more refined characterization of diet and the inclusion
of country which improved the predictive ability of the
BMI gain model (AUCwithout country = 0.64). To avoid
individuals that experienced normal weight
WHR (orange), PC1 (light blue), PC2 (green), and PC3 (red) in the
loped in 29,953 and 396 EPIC and 1000 Genomes Project individuals,
enic risk score; WHR, waist-to-hip ratio.

www.thelancet.com Vol 111 January, 2025
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BMI gain

BMI PRS

PC1 PRS

PC2 PRS

PC3 PRS

WHR gain

WHR PRS

PC1 PRS

PC2 PRS

PC3 PRS

HR (95% CI)

1.138 (1.108 , 1.169)
1.203 (1.173 , 1.234)

1.111 (1.082 , 1.140)
1.172 (1.143 , 1.201)

1.067 (1.039 , 1.096)
1.082 (1.060 , 1.105)

0.938 (0.915 , 0.962)
0.941 (0.922 , 0.961)

1.127 (1.086 , 1.169)
1.067 (1.048 , 1.087)

1.079 (1.042 , 1.118)
1.071 (1.053 , 1.090)

1.035 (0.997 , 1.074)
1.015 (0.998 , 1.032)

1.035 (1.000 , 1.072)
1.012 (0.995 , 1.030)

0.9 0.95 1 1.05 1.1 1.15 1.2 1.25
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Fig. 3: Associations between the polygenic risk scores of BMI, WHR, and body shape phenotypes (PC1—3) and BMI and WHR gain in EPIC
(dark purple) and UK Biobank (light purple). Associations were performed in 29,953 for BMI gain and 6456 for WHR gain. BMI, body mass
index; CI, confidence interval; HR, hazard ratio; PC, principal component; PRS, polygenic risk score; WHR, waist-to-hip ratio.
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fluctuations35 being classified as cases and to give a
clinical meaning to our analysis,19 we set a threshold of
BMI gain at ≥5% than BMI at baseline. Previous studies
used a 10% of weight gain threshold (almost two SD of
gain phenotypes) which makes the comparison between
models less straightforward.14,15

Our results showed a better predictive performance
for WHR gain (AUC = 0.75). WHR, as a proxy for body
fat distribution, may be less influenced by other factors
that can bias the adiposity assessment (e.g., lean mass or
height) than BMI. Thus, WHR may not only reflect
more precise metabolic characteristics (e.g., hormonal
regulation) relevant to adiposity gain, but also be more
consistent across populations enhancing adiposity gain
prediction. Additionally, our WHR gain model
www.thelancet.com Vol 111 January, 2025
performed better than a previous model for central
adiposity gain (proxied by waist circumference adjusted
on BMI) among German individuals (AUC = 0.70),15

however, the improved performance of our model is
likely explained by differences in study population and
design, but not by adding PRS for WHR gain.

A recent study concluded that PRSs performed
poorly in individual risk prediction after assessing 926
PRSs for 310 diseases.36 Although our results are in line
with this study as we showed that none of the PRSs of
adiposity related traits improved the predictive ability of
our models, the BMI and PC1 PRSs presented a higher
predictive ability for 5-years BMI gain in early adult-
hood. Therefore, our analysis suggests that the genetic
background could have a higher effect on early rather
7
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than mid-late adulthood and the PRSs usefulness may
be lifetime dependent. This is supported by a twin pairs
study which indicated that the role of genetic factors
becomes relatively less important with ageing, whereas
environmental effects become stronger.37 Also relevant
may be the time-varying effect of BMI-related genetic
variants. Although both environmental factors38 and
PRSs39 are known to influence weight gain trajectories,
further evidence highlights differences in the effect
sizes of BMI-associated genetic variants across age
groups. Specifically, studies have shown that the impact
of certain genetic variants on BMI tends to be stronger
in younger adults and diminishes in older populations.40

Furthermore, some genetic variants have been associ-
ated with changes in BMI and weight over time, indi-
cating a dynamic genetic influence.41 Potential
mechanisms underlying these age-dependent effects
may involve differences in metabolic rate, hormonal
changes, and shifts in body composition that occur with
ageing.42 For instance, genetic variants influencing en-
ergy expenditure, fat distribution, or appetite regulation
may exert their strongest effects during periods of
higher metabolic activity, such as early adulthood.
However, future research is needed to further elucidate
these mechanisms.

The limited improvement in the performance of the
prediction models when combining PRS with environ-
mental factors may not be attributed solely to biological
considerations. Several methodological and population
characteristics could also play a role. These include the
possibility of model overfitting due to the large number
of predictors, the absence of interaction effects, which
were intentionally excluded to maintain a straightfor-
ward model, and the unique characteristics of the study
population. For instance, the dietary variability among
EPIC participants may far exceed their genetic vari-
ability, potentially masking any synergistic effects be-
tween genetic and environmental factors. Whether the
joint contribution of environmental and genetic factors
improves the prediction of adiposity gain in early
adulthood remains as a question mark and should be
further investigated.

The PRSs of BMI, WHR, and three body shape
phenotypes were also used to investigate the geographic
distribution of genetic predisposition to adiposity across
European regions. A previous study depicted genetic
patterns for height and BMI showing higher predispo-
sition in northern than southern European countries
and an inverse trend, respectively. These contradictory
patterns were explained by the process of natural se-
lection on genetic variants for height that are also used
to predict BMI.12 Accordingly, our study showed higher
genetic predispositions for a higher BMI and higher
values of PC2 (short, centrally obese) in southern as
compared to northern countries, as height is negatively
driving these traits. Our study also reported the
www.thelancet.com Vol 111 January, 2025
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distribution of genetically predicted WHR and PC1
which presented higher values in northern than south-
ern countries. The genetic analysis of PC1 identified
genetic variants not previously associated with BMI
which led to a different genetic characterization of
adiposity.5 Therefore, the genetic components of WHR
and PC1 could better characterize adiposity regional
differences than the BMI genetic component.

The main strength of this work is that our prediction
models were developed and validated in a large sample
from diverse European countries, broadly representing
European regions. The results of our analysis need to be
interpreted with the following limitations. First,
although standardized protocols to measure anthropo-
metric traits were applied in the different EPIC centres,
some of the measurements were self-reported. Howev-
er, the accuracy of these anthropometric measures was
improved by using prediction equations.18 Second, time
to achieve BMI and WHR gain was estimated assuming
linearity through lifetime as only two measurement
points in mid-late adulthood were available for this
work. Prior research in a subgroup of EPIC participants
suggested that weight gain over an 8-year follow-up
period can be well approximated linearly at a popula-
tion level.43 Third, while models that predict gain in
obesity parameters at the distribution’s extremes are
needed due to their unique metabolic consequences, the
cohort in this study is not suitable for training such
models. This is because most participants (>70%) have a
BMI between 20 and 30 units. Finally, although previ-
ous research has shown that weight gain may depend on
cultural background,44,45 no information about ethnicity
of the study participants was available. To account for it,
we used level of education as a proxy of socio-economic
position as it has been shown to explain part of the
potential weight change differences between ethnic-
ities.46 Additionally, EPIC participants showing extreme
genetic differences have been removed from our study
sample.

Our environmental prediction models for BMI and
WHR gain may be useful to discriminate individuals at
high risk of adiposity gain within a period of 5 years at
mid-late adulthood. While genetic factors were not
relevant at this stage of life, better predictive perfor-
mance of genetic factors has been observed in early
adulthood. These findings suggest a more important
role of genetics in early-adulthood adiposity gain and
highlight the importance of preventing adiposity gain
through modifiable environmental factors in mid-late
adulthood.
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