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ABSTRACT
Introduction: Body mass index (BMI) fluctuation has adverse health consequences, yet its determinants remain poorly under-
stood. We examined genetic and environmental influences on BMI fluctuation and its associations with BMI trajectories.
Data and Methods: Data from 14 longitudinal twin cohorts, including 58 311 individuals (54% women) and 22 714 complete 
twin pairs (9761 monozygotic), were pooled. BMI trajectories from ages 18 to 99 years were estimated using linear mixed-effects 
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models. BMI fluctuation was defined as the average squared residual between observed and expected BMI around individual 
trajectories. Genetic and environmental contributions to BMI fluctuation and its associations with baseline BMI and BMI change 
were assessed using structural equation modelling.
Results: Additive genetic effects explained a moderate proportion of variance in BMI fluctuation (a2 = 0.20 in men, 0.29 in 
women), with the remainder attributable to unique environmental effects (e2 = 0.80 and 0.71). No evidence of sex-specific genetic 
effects was found. Genetic contributions varied across life stages, peaking in men at ages 31–50 (a2 = 0.36) and in women at 51–65 
(a2 = 0.36). Higher baseline BMI was associated with greater fluctuation, whereas greater directional BMI change was associated 
with less fluctuation. Higher BMI at ages 18–30 was associated with greater subsequent BMI fluctuation across later adulthood 
stages. Previous associations were driven by both genetic and unique environmental factors.
Conclusions: BMI fluctuation was predominantly explained by unique environmental effects, with moderate heritability that 
varied across life stages with no evidence of sex-specific genetic effects. Genetic and environmental factors contribute to how 
BMI fluctuation is associated with BMI change.

1   |   Introduction

Obesity is one of the most pressing global public health chal-
lenges of the 21st century. Between 1 and 2.5 billion adults 
worldwide are classified as having overweight or obesity, and the 
prevalence is projected to rise further [1, 2]. Obesity contributes 
substantially to non-communicable diseases (NCDs), including 
type 2 diabetes, cardiovascular diseases, and several cancers [3], 
and imposes enormous health, economic, and social burdens 
now and in the future [4, 5]. Beyond the long-term risks of high 
BMI, growing evidence indicates that fluctuations in BMI over 
time may independently pose health risks. Repeated cycles of 
weight gain and loss (‘weight cycling’) have been linked to ad-
verse cardiometabolic outcomes, including type 2 diabetes, hy-
pertension, cardiovascular disease, and higher overall mortality 
[6]. The physiological mechanisms are not fully understood, but 
weight instability may reflect or induce insulin resistance, el-
evated triglycerides, increased abdominal fat accumulation, or 
other metabolic disturbances, which in turn can increase car-
diometabolic disease risk [7–10].

Genetic influences on BMI have been shown in large-scale 
twin [11] and genome-wide association studies (GWAS) [12, 13]. 
Twin and family studies also indicate that genetics contribute 
to weight changes in adulthood, with heritability estimates of 
0.05–0.29 [14]. Prior research has reported phenotypic associa-
tions between BMI and subsequent weight change, as well as the 
genetic and environmental contributions to these associations 
[14]. However, studies on the heritability of BMI fluctuation, 
its links with BMI and BMI change, and genetic and environ-
mental factors underlying these associations remain limited 
[15]. Although BMI fluctuations may largely be driven by en-
vironmental (i.e., neighbourhood walkability and the food en-
vironment) and lifestyle (i.e., changes in diet, physical activity) 
factors, or life circumstances, individuals may differ genetically 
in their sensitivity to such perturbations. If so, heritability of 
BMI fluctuation would reflect inherited differences in environ-
mental responsiveness rather than direct genetic determination 
of weight fluctuation, consistent with the concept of ‘variability 
genes’ proposed by Berg [16].

To address this gap, we applied genetic twin modelling to pooled 
data from 14 longitudinal twin cohorts. BMI fluctuation was de-
fined as variability around an individual's fitted BMI trajectory, 

and BMI change as linear increase or decrease over time. Our aims 
were to (i) assess cohort-specific genetic and environmental effects 
and cross-cohort heterogeneity for BMI fluctuation; (ii) examine 
how these effects vary across the adult life span; and (iii) identify 
genetic and environmental contributions to associations of BMI 
fluctuation with baseline BMI and BMI change across life stages.

2   |   Data and Methods

2.1   |   Cohorts

We analysed data from the CODATwins database in collaboration 
with the BETTER4U consortium [17], including 14 longitudinal 
twin cohorts from nine countries (six European countries, the 
USA, South Korea, and Australia). Two cohorts included only men. 
Across the cohorts, height and weight were measured (16%) or self-
reported (84%), and BMI was calculated as weight in kilograms di-
vided by height in meters squared (kg/m2). Twin individuals with 
at least three measures after age 18 were included (N = 61 628). 
Distributions of baseline BMI, BMI change, and BMI fluctuation 
were inspected, and participants exceeding three standard devia-
tions (SD) from the mean in any of the variables were considered 
outliers and excluded (N = 604 for baseline BMI, N = 854 for BMI 
change, N = 1859 for BMI fluctuation). Outliers mostly occurred 
in single twins within a pair, with few pairs having both mem-
bers as outliers (baseline BMI: 67 pairs; BMI change: 68 pairs; 
BMI fluctuation: 86 pairs), indicating extreme values were gen-
erally individual-specific. Across cohorts, the proportion of par-
ticipants excluded for any outlier ranged from 1% in the Korean 
Twin-Family Register to 10% in the Queensland Twin Register, 
likely reflecting differences in data collection and measurement 
protocols. The final sample included 58 311 twin individuals (54% 
women) and 203 374 longitudinal BMI measurements from 22 714 
complete twin pairs, of which 9761 were monozygotic (MZ), 
9748 same-sex dizygotic (SSDZ), and 2210 opposite-sex dizygotic 
(OSDZ). Descriptive information for all included twin cohorts 
after the application of exclusion criteria is presented in Table S1. 
Detailed information on the number and temporal distribution of 
BMI measurements across cohorts, including follow-up duration 
and intervals between measurements, is presented in Table S2.

We first examined BMI fluctuation within each cohort sepa-
rately and then in the pooled dataset, including all participants. 
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Next, we conducted life-stage–specific analyses by restricting 
the pooled data to individuals whose first and last BMI mea-
surements fell within the same life-stage: young adulthood (18–
30 years), early midlife (31–50 years), midlife (51–65 years) or 
older adulthood (≥ 66 years), defined according to previous stud-
ies [18, 19] and prior CODATwins research [14]. These analyses 
included 16 083 individuals and 5001 complete pairs (2483 MZ, 
2069 SSDZ, 449 OSDZ). Finally, to assess how BMI in young 
adulthood related to subsequent BMI fluctuation, we selected 
participants with baseline BMI recorded at ages 18–30 and clas-
sified them into early midlife (31–50 years), midlife (51–65 years) 
or older adulthood (≥ 66 years) based on their final BMI mea-
surement (N = 28 821 individuals; 8336 complete pairs: 3726 MZ, 
3657 SSDZ, 953 OSDZ). Comparison between analytic samples 
is presented in Table S3, and the full selection and stratification 
process is shown in Figure S1.

2.2   |   Calculation of BMI Trajectories and BMI 
Fluctuation

BMI trajectories were estimated using linear mixed-effects 
(LME) models as described elsewhere [14]. Inclusion of 
individual-specific random effects captured each participant's 
baseline BMI (kg/m2) and linear rate of BMI change over time 
(kg/m2 per decade).

BMI fluctuation (kg/m2 per decade) was computed based on 
deviations from the modelled trajectory. For each individual 
i, predicted BMI at age t was calculated as yit = xitni + mi + εit, 
where yit is the predicted BMI for individual i at age t, ni is the 
individual-specific estimated BMI change (kg/m2 per decade), 
mi is the individual-specific baseline BMI (kg/m2), xit is the dif-
ference between age t and the baseline age and εit is the residual 
error. Squared residuals between observed and predicted values 
were computed across all ages, and BMI fluctuation was defined 
as the mean of these squared residuals. This measure captures 
intra-individual dispersion around the expected trajectory and is 
sensitive to larger deviations. Unlike absolute residuals, which 
down-weight larger deviations, and the coefficient of variation, 
which may confound fluctuation with BMI level, it provides a 
direction-independent measure of instability. By capturing devi-
ations in both directions from the individual-specific trajectory, 
BMI fluctuation is distinct from BMI change, which reflects uni-
directional linear trends. For example, an individual with a steep 
upward BMI change but little scatter around that trend would 
have low fluctuation, whereas one with a flat trajectory but large 
oscillations would have high fluctuation (Figure S2).

To evaluate the validity of the BMI fluctuation measure, we ap-
plied an alternative method that does not assume linearity of 
BMI trajectories, based on the variance of delta slope estimates 
between consecutive BMI measurements [20]. A sensitivity anal-
ysis at cohort-specific and pooled levels (Table S4) showed strong 
agreement between the two methods, with correlations ranging 
from 0.73–0.91 in men and 0.70–0.95 in women across cohorts, 
and 0.86 in men and 0.75 in women in the pooled data.

Analyses were conducted using R (version 4.2.3) with 
packages lme4 (1.1–34), lmerTest (3.1–3), dplyr (1.1.4), and 
modelsummary (1.4.3).

2.3   |   Association Analyses

The associations between BMI fluctuation and BMI trajectories 
(baseline BMI and BMI change) were studied using LME mod-
els. We first conducted cohort-specific analyses to assess these 
associations. BMI fluctuation was considered as the dependent 
variable, while baseline BMI and BMI change were considered 
as independent variables, with one model per predictor, and 
baseline age and zygosity as covariates. When examining the as-
sociation between BMI change and BMI fluctuation, the model 
was additionally adjusted for baseline BMI. After obtaining 
cohort-specific estimates, we assessed between-cohort variabil-
ity using a meta-analysis with Cochran's Q test, which evaluates 
differences in effect estimates across cohorts beyond sampling 
variation alone [21].

We then conducted pooled analyses to increase statistical 
power and obtain overall estimates, including a cohort iden-
tifier as covariate to adjust for differences in age distribution, 
measurement year or region of different cohorts. The analy-
ses proceeded in three steps. First, across the entire lifespan. 
Second, stratified by life stage to examine age-specific pat-
terns. Third, BMI at young adulthood and BMI fluctuation 
from this stage to subsequent life-stages to assess whether 
BMI in young adulthood predicted BMI fluctuation in subse-
quent decades. All linear mixed-effects models included ran-
dom effects for family ID to account for the non-independence 
of twin observations. Analyses were stratified by sex based on 
previous evidence of sex differences in BMI [11], BMI change 
[14], and BMI fluctuation [15].

Several sensitivity analyses were conducted using pooled 
data. First, smoking status and education level were included 
as additional covariates to determine if the observed pheno-
typic associations were robust to adjustment for lifestyle and 
socioeconomic factors that may independently influence BMI 
trajectories and weight changes [21, 22]. The classifications of 
education and smoking variables in the CODATwins database 
have been detailed elsewhere [23, 24]. Second, to address po-
tential bias due to differences in the number of BMI measure-
ments per individual, we repeated the analyses by restricting 
the sample to individuals with more than five BMI measure-
ments, ensuring a denser and more reliable estimation of BMI 
trajectories and fluctuations. Third, to assess potential bias 
due to self-reported BMI, random-effects meta-regression 
analyses were conducted using the proportion of self-reported 
BMI in each cohort (see Table  S5) as a moderator to exam-
ine whether the reporting source influenced the observed 
associations.

All statistical analyses were performed using R software (version 
4.2.3) with the lme4 package (version 1.1–34). The Cochran's Q 
tests were conducted using the metafor (version 3.8.1) and meta 
(version 6.3.0) R packages.

2.4   |   Structural Equation Modelling

Structural equation modelling of twin data was conducted 
to disentangle the relative influence of genetic and envi-
ronmental effects on BMI fluctuation across three levels: (i) 
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within each cohort, with between-cohort heterogeneity as-
sessed using Cochran's Q test [25], (ii) in the pooled dataset 
without life-stage stratification, and (iii) in the pooled data 
stratified by life stage [26]. Twin modelling leverages dif-
ferences in genetic similarity between MZ twins, who are 
nearly genetically identical at the genetic sequence level, and 
DZ twins, who share on average half of their segregating ge-
nome [19]. Phenotypic variance in BMI fluctuation can arise 
from additive genetic effects (A), dominant genetic effects (D), 
shared environment  (C),  and unique environmental influ-
ences (E). Standardised covariances were set to 1.0 for A, D 
and C in MZ pairs and 0.5 (A), 0.25 (D), and 1.0 (C) in DZ pairs, 
with E uncorrelated within pairs. Because D and C cannot be 
estimated simultaneously in twins reared together, either an 
additive genetic/shared environmental/unique environmental 
(ACE) or additive genetic/dominance genetic/unique environ-
mental (ADE) model was fitted, with subsequent reduction to 
a parsimonious additive genetic/unique environmental (AE) 
model if the χ2-distributed −2LL test indicated that dropping 
the C or D parameter did not significantly worsen model fit 
(p > 0.05). Intraclass correlations (ICCs) calculated as the co-
variance between co-twins divided by the total variance and 
their 95% confidence intervals (CIs), derived from the F dis-
tribution [27], were used to assess consistency across cohorts 
and determine pooling feasibility. The initial full model (ACE 
or ADE) was compared with the AE model. Nested submod-
els were tested to evaluate sex differences in genetic and en-
vironmental estimates and sex-specific genetic effects using a 
χ2-distributed −2 log-likelihood (−2LL) test. Sex-specific ge-
netic effects were further assessed by estimating the genetic 
correlation between male and female genetic factors in DZ 
opposite-sex twin pairs.

To examine the genetic and environmental contributions to the 
associations between BMI fluctuation and BMI trajectories, 
we utilised bivariate Cholesky decomposition. This method al-
lowed us to estimate genetic (rA), shared environmental (rC), 
and unique environmental (rE) correlations by dividing the rel-
evant covariance by the square root of the product of the corre-
sponding variances [28]. Analyses were performed in R (4.2.3), 
fitting univariate and bivariate twin models with OpenMx 
(2.21.11) using the maximum likelihood estimator. Cohort 
heterogeneity was assessed using the metafor (3.8.1) and meta 
(6.3.0) packages.

3   |   Results

Table  1 presents the mean BMI fluctuation values by life 
stage and sex. BMI fluctuation increased progressively across 
life stages in both sexes, with mean values approximately tri-
pling from young adulthood (18 to 30 years) to older adulthood 
(≥ 66 years) in men (from 4.75 to 13.13 kg/m2) and women (from 
8.31 to 17.61 kg/m2), consistently higher in women at all life 
stages.

Table  2 shows the associations between BMI fluctuation and 
BMI trajectories in the pooled data. BMI fluctuation was pos-
itively associated with baseline BMI (men: β = 0.31, 95% CI 
0.23–0.44; women: β = 0.52, 95% CI 0.45–0.60) and negatively 
associated with BMI change (men: β = −0.03, 95% CI −0.04 to 
−0.02; women: β = −0.07, 95% CI −0.08 to −0.06). Each 1-unit 
increase in baseline BMI corresponded to a 1.70 kg/m2 higher 
BMI fluctuation per decade in men and 2.20 kg/m2 in women, 
while each 1-unit increase in BMI change was linked to a 
0.50 kg/m2 lower BMI fluctuation in men and 0.40 kg/m2 lower 
in women. Life-stage–stratified analyses showed that baseline 

TABLE 1    |    Mean BMI fluctuation by life stage and sex in the pooled 
data.

Life-stage

Men Women

BMI fluctuation 
(kg/m2 per 

decade)

BMI 
fluctuation 
(kg/m2 per 

decade)

Mean SD Mean SD

Young adulthood 
(18–30 years)

4.75 11.20 8.31 15.11

Early midlife 
(31–50 years)

5.75 11.80 9.80 17.83

Midlife 
(51–65 years)

6.98 13.93 13.12 19.53

Older adulthood 
(≥ 66 years)

13.10 20.32 17.62 22.71

Abbreviations: BMI, body mass index; SD, standard deviation.

TABLE 2    |    Associations of BMI fluctuation (kg/m2 per decade) with baseline BMI (kg/m2) and BMI change (kg/m2 per decade) in the pooled 
dataset by sex.

Outcomes

Men Women

Estimate

95% CI

Estimate

95% CI

LL UL LL UL

N = 28 087 N = 30 488

Baseline BMI 0.31 0.23 0.44 0.52 0.45 0.60

BMI change −0.03 −0.04 −0.02 −0.07 −0.08 −0.06

Note: Estimates and 95% confidence intervals are derived from linear mixed-effects models adjusted for zygosity, baseline age and cohort ID in the baseline BMI-BMI 
fluctuation association and for zygosity, baseline age, baseline BMI and cohort ID in the BMI change-BMI fluctuation association. The random effect accounting for 
familial clustering was added in all the models.
Abbreviations: BMI, body mass index; CI, confidence interval; LL, lower limit; UL, upper limit.
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BMI remained positively associated with BMI fluctuation across 
all stages, and BMI change remained negatively associated, 
except in men during young adulthood, where the association 
was not significant (Table S6). Sensitivity analyses additionally 
adjusting for smoking and education (Table S7) yielded similar 
patterns, confirming robustness to further adjustment for these 
covariates. Sensitivity analyses restricted to individuals with five 
or more BMI measurements (Table S8) showed similar patterns 
to those observed in the full sample, confirming the robustness 
of the findings to differences in measurement frequency.

Cohort-specific results (Figures S3 and S4 and the exact values 
in Table S9) indicated heterogeneity in association strength and 
direction across cohorts (Cochran's Q tests, all p < 0.001). Meta-
regression analyses further showed no association between the 
proportion of self-reported BMI across cohorts and the effect es-
timates for either baseline BMI or BMI change in men or women 
(Table S10).

The associations between BMI at young adulthood and BMI 
fluctuation from young adulthood to subsequent life-stages 
are shown in Table  3. Higher BMI in young adulthood was 
significantly associated with greater BMI fluctuation in later 
life-stages in both sexes. In men, the strongest effect was from 
young adulthood to midlife (β = 0.31), followed by early midlife 
(β = 0.23) and older adulthood (β = 0.24). For women, the asso-
ciations were consistently stronger, with the largest effect from 
young adulthood to midlife (β = 0.72), and smaller yet signifi-
cant effects from young adulthood to older adulthood (β = 0.63) 
and to early midlife (β = 0.34).

We began genetic twin modelling by identifying the best-
fitting model using ICCs in MZ and DZ pairs (Tables S11 and 
S12) and comparing ACE and ADE models (Tables  S13 and 
S14). In the pooled dataset without life-stage stratification, the 
ACE model was selected as baseline (rMZ < 2rDZ) (Table S11). 
Stratified by life stage, the ADE model fitted best for young 
adulthood (rMZ > 2rDZ), while ACE was preferred for other 
stages (Table S12). Overall, model fit analyses confirmed the 
ICC results in the pooled data and most life-stage analyses, 

except in young adulthood where ACE provided a slightly 
better fit than ADE (2LLACE < 2LLADE) (Table S14). Excluding 
shared environmental variance had minimal impact. No sex-
specific genetic effects were detected in the pooled analysis, 
but they emerged in young adulthood. Accordingly, the AE 
model without sex-specific effects but with separate esti-
mates for men and women was used for BMI fluctuation in 
pooled analyses (Table  S13) and in early midlife, midlife, 
and older adulthood models (Table  S14). For young adult-
hood, the full AE model including sex-specific effects with 
separate estimates for men and women was selected. Cohort-
specific results for best-fitting model selection are presented 
in Tables S15 and S16.

The contributions of additive genetic and unique environmen-
tal effects to BMI fluctuation in the pooled data are shown in 
Table 4. Without life-stage stratification, additive genetic effects 
explained a moderate proportion of variance in men (a2 = 0.20) 
and women (a2 = 0.29), while unique environmental effects 
accounted for most of the variance (e2 = 0.80 and 0.71, respec-
tively). Heritability varied across life stages: in men, it was 
highest in middle–late adulthood (a2 = 0.36) and lowest in mid-
life (a2 = 0.15); while in women, it peaked in midlife (a2 = 0.36) 
and was lowest in older adulthood (a2 = 0.11). Across all stages 
and both sexes, unique environmental effects remained pre-
dominant, ranging from 0.64 to 0.85 in men and 0.64 to 0.89 in 
women. We did not find evidence of sex-specific genetic effects 
in the pooled data, since the genetic correlation in OSDZ pairs 
did not differ from the 0.5 expected for SSSD pairs (0.57 95% CI: 
0.38–0.75). Cohort-specific results for heritability and unique 
environmental variance are presented in Figures S5 and S6 with 
the exact values in Table S17.

Finally, we examined the additive genetic and unique envi-
ronmental components underlying the previous significant 
associations (Table  5). In the pooled data without life-stage 
stratification, both genetic and environmental factors con-
tributed to the associations between baseline BMI and BMI 
fluctuation in men (rA = 0.27; rE = 0.16) and women (rA = 0.36; 
rE = 0.21), as well as to associations with BMI change (men: 

TABLE 3    |    Associations between baseline BMI (kg/m2) at young adulthood and BMI fluctuation (kg/m2 per decade) from young adulthood to 
subsequent stages of life by sex.

Outcomes

Men Women

Estimate

95% CI

Estimate

95% CI

LL UL LL UL

From young adulthood to early midlife N = 5330 N = 8081

Baseline BMI 0.23 0.14 0.33 0.34 0.25 0.42

From young adulthood to midlife N = 5484 N = 4114

Baseline BMI 0.31 0.26 0.42 0.72 0.63 0.84

From young adulthood to older adulthood N = 5367 N = 445

Baseline BMI 0.24 0.12 0.35 0.63 0.42 0.80

Note: Estimates and 95% confidence intervals for the associations between BMI fluctuation (kg/m2 per year) from young adulthood to subsequent stages and baseline 
BMI (kg/m2) at young adulthood, stratified by sex. Analyses were conducted using linear mixed-effects models adjusted for zygosity, baseline age, and cohort ID. A 
random effect for family ID was included to account for familial clustering.
Abbreviations: BMI, body mass index; CI, confidence interval; LL, lower limit; UL, upper limit.
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rA = −0.08, rE = −0.06; women: rA = 0.06, rE = −0.05). Life-
stage–stratified analyses showed that the contributions of 
these components varied across stages (Table  S18). Finally, 
the associations between young adulthood BMI and BMI 

fluctuation from young adulthood to subsequent stages 
were also influenced by both genetic and environmental 
factors in men (rA = 0.27–0.58; rE = 0.08–0.16) and women 
(rA = 0.35–0.61; rE = 0.20–0.25).

TABLE 4    |    Heritability and relative proportion of unique environmental variance for body mass index (BMI) fluctuation rate (kg/m2 per year) 
with 95% confidence intervals, presented for the pooled data (i) not stratified by life stage and (ii) data stratified by life stage, in both cases stratified 
by sex.

BMI fluctuation

Men Women

a2

95% CI

e2

95% CI

a2

95% CI

e2

95% CI

LL UL LL UL LL UL LL UL

Pooled data without life-stage stratification

All ages 0.20 0.17 0.22 0.80 0.77 0.82 0.29 0.26 0.31 0.71 0.68 0.73

Pooled data with life-stage stratification

Young adulthood 
(18–30 years)

0.35 0.28 0.42 0.65 0.57 0.71 0.30 0.19 0.39 0.70 0.60 0.80

Early midlife 
(31–50 years)

0.36 0.25 0.46 0.64 0.53 0.74 0.19 0.12 0.24 0.81 0.75 0.87

Midlife (51–65 years) 0.15 0.01 0.28 0.85 0.71 0.99 0.36 0.28 0.42 0.64 0.57 0.72

Older adulthood 
(> 66 years)

0.24 0.11 0.36 0.76 0.63 0.88 0.11 0.01 0.23 0.89 0.76 1.00

Note: Full AE model was selected for BMI fluctuation when not considering life stage stratification and for young adulthood when considering life stages. AE model 
without sex specific genetic effect was selected for the rest of the life stages (early midlife, midlife and older adulthood).
Abbreviations: a2, heritability (proportion of total variance explained by additive genetic effects); CI, confidence interval; e2, proportion of total variance explained by 
unique environmental effects; LL, lower limit; UL, upper limit.

TABLE 5    |    Additive genetic and unique environmental correlations of the associations between (i) BMI fluctuation and BMI trajectories and (ii) 
BMI in early young adulthood (18–30 years of age) and BMI fluctuation (kg/m2 per year) from early young adulthood to subsequent life-stages in the 
pooled data by sex.

Outcomes

Men Women

rA

95% CI

rE

95% CI

rA

95% CI

rE

95% CI

LL UL LL UL UL LL LL UL

Pooled data without life-stage stratification

Baseline BMI 0.27 0.23 0.31 0.16 0.13 0.19 0.36 0.33 0.39 0.21 0.19 0.24

BMI change −0.08 −0.13 −0.04 −0.06 −0.08 −0.03 0.06 0.02 0.10 −0.05 −0.07 −0.04

Baseline BMI at young adulthood–BMI fluctuation from young adulthood to subsequent stages

From young 
adulthood to 
early midlife

0.27 0.17 0.37 0.15 0.08 0.22 0.35 0.29 0.42 0.20 0.15 0.24

From young 
adulthood to 
midlife

0.29 0.16 0.44 0.16 0.08 0.24 0.52 0.43 0.61 0.24 0.17 0.31

From young 
adulthood 
to older 
adulthood

0.58 0.38 1.00 0.08 0.01 0.15 0.61 0.36 0.85 0.25 0.01 0.48

Note: Pairwise correlations between (i) BMI fluctuation and BMI trajectories without life-stage stratification and (ii) baseline BMI at young adulthood and BMI 
fluctuation from young adulthood to subsequent life-stages were carried out. They are summarised with correlation estimates besides their confidence intervals.
Abbreviations: BMI, body mass index; CI, confidence interval; LL, lower limit; rA, additive genetic correlation; rE, specific environmental correlation; UL, upper limit.
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4   |   Discussion

In this large study of pooled twin cohorts, baseline BMI was 
positively associated with BMI fluctuation, whereas BMI 
change showed a negative association in both men and women. 
The BMI fluctuation increased from younger to older stages 
in men and women, although in women the BMI fluctuation 
was higher in all stages. Individuals with higher initial BMI 
experienced greater fluctuation over time, while those with 
greater BMI changes exhibited less, suggesting BMI instability 
may be characteristic of those entering adulthood with higher 
body mass whose BMI does not follow a steady upward trend. 
Analyses of young adulthood supported this pattern, showing 
that higher BMI in this stage was consistently associated with 
greater BMI fluctuation across later life stages. The associa-
tions were strongest from young adulthood to midlife, partic-
ularly among women, indicating midlife may be a period of 
increased vulnerability to weight instability among individu-
als with overweight. These patterns likely reflect age-related 
factors such as metabolic adaptations, lifestyle transitions, 
and health behaviours, as well as sex-specific biological (e.g., 
hormonal changes, reproductive factors) and social (e.g., gen-
dered dieting patterns) influences on weight regulation. When 
stratified by life stage, the positive association between base-
line BMI and fluctuation persisted across all ages, peaking in 
middle–late adulthood, whereas the inverse association with 
BMI change remained generally consistent but was weakest or 
absent among men in young adulthood. The results align with 
a previous Finnish twin study showing that higher BMI in ad-
olescence and early adulthood predicted greater subsequent 
fluctuation [15]. Importantly, these associations remained 
robust in sensitivity analyses adjusting for smoking and ed-
ucation, indicating the relationships are not driven by these 
potential confounders. Similar results were obtained when 
restricting analyses to individuals with five or more BMI mea-
surements, supporting the robustness of the findings to varia-
tion in measurement frequency and indicating that sparse data 
did not drive the observed associations.

One possible explanation for why individuals with higher base-
line BMI experience greater BMI fluctuation later in adulthood 
is that excess adiposity is associated with physiological changes 
that destabilise long-term weight regulation. Higher BMI is 
linked to metabolic disturbances, including insulin resistance 
[7], elevated triglycerides [9], and increased abdominal fat ac-
cumulation [9, 29], which impair metabolic flexibility and may 
cause short-term shifts in energy balance. Furthermore, higher 
BMI and related metabolic dysregulation increase vulnerability 
to type 2 diabetes [8, 10, 30], a condition characterised by im-
paired glucose homeostasis and disrupted appetite and energy 
regulation. Together, these mechanisms may make individuals 
with higher initial BMI more prone to cycles of weight gain and 
loss, contributing to greater BMI fluctuation across adulthood. 
Clinically, higher BMI in young adulthood may indicate risk 
for long-term weight instability, highlighting the importance 
of sustainable weight management. Furthermore, individuals 
with higher BMI carry greater fat mass, which is more meta-
bolically variable than lean mass, providing greater biological 
capacity for weight gain and loss. This physiological asymmetry 
may partly explain the association between baseline BMI and 
fluctuation, but it does not fully account for our findings, as it 

is attenuated in older adulthood, suggesting that mechanisms 
beyond fat mass become increasingly relevant with age.

Cohort-specific analyses showed generally positive associa-
tions between baseline BMI and BMI fluctuation, although the 
magnitude of effects varied across cohorts and between sexes. 
Associations with BMI change were mostly negative, with some 
weak or nonsignificant estimates. Overall, this pattern indicates 
that while the direction of associations was broadly consistent 
across cohorts, substantial heterogeneity in effect size was pres-
ent, as also reflected in the high I2 values. This suggests that 
differences between cohorts primarily reflect variation in the 
strength of associations rather than fundamentally conflict-
ing findings. Such heterogeneity is likely driven by differences 
in sample size, follow-up duration, age structure, and cohort-
specific measurement conditions. Importantly, meta-regression 
analyses indicated that the proportion of self-reported BMI 
across cohorts did not explain between-cohort variability in ef-
fect estimates, suggesting that measurement source is unlikely 
to be a major driver of the observed heterogeneity or the main 
findings.

Variation in BMI fluctuation was influenced by both additive 
genetic and unique environmental factors, with the latter ac-
counting for most of the variance. These heritability estimates 
were lower than those typically reported for overall adult BMI 
(60%–80%) [11] but comparable to estimates for BMI change 
in the same database [14]. Genetic contributions varied across 
adulthood, peaking in middle–late adulthood for men and in 
midlife for women, although unique environmental effects re-
mained dominant. Heritability estimates for BMI fluctuation 
were higher in the life-stage–restricted sample compared with 
the full pooled sample. In men, higher monozygotic twin cor-
relations with stable dizygotic correlations resulted in a shift 
from an ACE to an ADE model, whereas results in women 
remained largely unchanged. These differences likely reflect 
changes in variance structure within age-restricted analyses 
rather than substantive alterations in genetic architecture (see 
Tables  S19, S20 and S21). Cohort-specific analyses showed 
heterogeneity in men for both effects and in women for unique 
environmental effects. These findings suggest that genetic 
predisposition may shape susceptibility to BMI fluctuation, 
potentially via metabolic or behavioural pathways, consistent 
with the notion of variability genes modulating individual 
responsiveness to environmental change [16]. Notably, while 
the DNA sequence itself is stable, genetic expression is not; 
evidence suggests that the sets of genes influencing BMI shift 
across the lifespan [11, 31], which may partly explain the vari-
ation in heritability estimates across life stages observed in 
our data. Nevertheless, environmental and lifestyle factors 
(e.g., pressure to lose weight and dieting) play a larger role, 
emphasising the importance of individual-specific behaviours 
and contexts in shaping weight instability across adulthood. 
We did not find evidence of sex-specific genetic factors con-
sistent with broader evidence that qualitative sex differences 
in genetic architecture are rare across complex traits [32]. 
Nevertheless, the number of OSDZ twins was low in our data, 
increasing sample error when estimating this effect.

Both additive genetic and unique environmental factors under-
lie the associations between baseline BMI, BMI change, and 
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BMI fluctuation. This suggests that BMI fluctuation partly re-
flects stable individual differences in genetic liability to higher 
body mass, but also individual-specific experiences that influ-
ence weight regulation over time. The increasing importance 
of unique environmental factors in later adulthood may indi-
cate that accumulated life experiences, health conditions, or 
behavioural factors become more central drivers of weight in-
stability with age. In older adulthood specifically, age-related 
loss of lean body mass (sarcopenia) and disease-related weight 
changes may introduce additional sources of BMI variability 
independently of adiposity. This is consistent with the marked 
increase in mean BMI fluctuation observed in older adulthood, 
values approximately tripled compared with young adulthood 
in both sexes, and with the attenuation of the phenotypic asso-
ciation between baseline BMI and BMI fluctuation at this life 
stage. In contrast, the more intermittent contributions observed 
for BMI change suggest that dynamic weight gain processes may 
operate differently across life stages, potentially reflecting vary-
ing biological and lifestyle influences from emerging adulthood 
to later life.

A key strength of this study is the large, diverse twin sample 
with follow-ups from young adulthood to older adulthood span-
ning more than six decades and including up to 13 repeated BMI 
measurements per individual. This longitudinal design allowed 
examination of genetic and environmental contributions to BMI 
fluctuation across life stages, as well as phenotypic, genetic, and 
environmental correlations between BMI trajectories and BMI 
fluctuation. Pooled data from multiple international twin co-
horts provided substantial statistical power and enabled cross-
cohort comparisons. Furthermore, comparison of the main 
method used for estimation of BMI fluctuation and an alterna-
tive method based on the variance of consecutive slope estimates 
showed strong correlations between them, suggesting the main 
findings are not driven by the choice of definition. However, co-
horts mainly represent high-income countries in Europe, North 
America, Asia, and Australia, limiting generalisability to popu-
lations with predominantly Western lifestyles. Additionally, 84% 
of height and weight data were self-reported, and a higher pro-
portion of measured data would improve reliability. Detailed in-
formation on potential BMI fluctuation modifiers, such as diet, 
physical activity, reproductive history, and lifestyle factors be-
yond smoking and education, was limited. BMI, while correlat-
ing with fat mass and body fat percentage and predicting obesity 
risk [33, 34], does not fully capture body composition or fat dis-
tribution, nor does it distinguish between fluctuations driven by 
fat mass versus lean mass changes. Fat mass is more responsive 
to environmental changes, while lean mass is more stable but 
subject to age-related decline [35, 36]. Future studies incorporat-
ing direct body composition measures such as dual-energy X-ray 
absorptiometry would allow formal disentanglement of fat and 
lean mass contributions to BMI fluctuation across the lifespan, 
particularly in older adulthood where sarcopenia may confound 
interpretation.

In summary, BMI fluctuation was modestly influenced by ge-
netic effects but predominantly shaped by unique environmen-
tal factors, with heritability lower than typically reported for 
overall BMI. Individuals with higher baseline BMI, especially 
in young adulthood, experienced greater BMI fluctuation later 
in life, with stronger associations in women. This suggests 

that BMI instability mainly reflects individual-specific envi-
ronmental and behavioural influences rather than genetics. 
Clinically, young adulthood BMI may help identify those at 
risk for long-term weight instability, highlighting the impor-
tance of promoting sustainable weight management during 
this critical period.

Author Contributions

A.O.F. and K.S. designed the study. S.A., M.O., T.S., M.M., K.C., A.S., 
K.O.K., E.M., C.F., R.P.C., B.M.H., V.T., F.E.R., P.T., S.E.M., S.D.G., 
G.D., D.B., P.K.E.M., I.K.K., A.K.D.A., M.B., L.L., E.J.C.G., M.G., 
D.B., H.P., J.K., S.J.L., J.S., S.B., R.P., N.G.M., D.B. and J.K. collected 
the original data files. K.S., J.K., A.J. and A.O.F. pooled the data to-
gether. A.O.F. conducted the analyses and drafted the manuscript. 
A.E., G.D., A.J., S.A., M.O., T.S., M.M., K.C., A.S., K.O.K., E.M., C.F., 
R.P.C., B.M.H., V.T., F.E.R., P.T., S.E.M., S.D.G., G.D., D.B., P.K.E.M., 
I.K.K., A.K.D.A., M.B., L.L., E.J.C.G., M.G., D.B., H.P., J.K., S.J.L., 
J.S., S.B., R.P., N.G.M., D.B., J.K. and K.S. revised the manuscript. All 
authors approved the final version and agreed to be accountable for 
all aspects of the work in ensuring that questions related to the accu-
racy or integrity of any part of the work are appropriately investigated 
and resolved.

Acknowledgments

Open access publishing facilitated by Helsingin yliopisto, as part of the 
Wiley - FinELib agreement.

Funding

This work was supported by the Chronic Disease Research 
Foundation, the Medical Research Council Laboratory of Molecular 
Biology, the Swiss State Secretariat for Education, Research and 
Innovation (SERI), the MagW/ZonMW, (912-10-020, 400-05-717, 451-
04-034, 463-06-001, 480-04-004, 904-61-090, 904-61-193, 985-10-
002, Addiction-31160008, Middelgroot-911-09-032, Spinozapremie 
56-464-14192), the Clinical Center, R21 AG039572, the Wellcome 
Trust, the National Institute for Health and Care Research, the VU 
University's Institute for Health and Care Research, EMGO+, the 
European Research Council (ERC 230374), the Versus Arthritis, the 
NIHR Clinical Research Network North West London, the Terveyden 
Tutkimuksen Toimikunta (100499, 118555, 141054, 205585, 264146, 
308248), the Avera Institute for Human Genetics, the Danish Agency 
for Science and Higher Education, the Centre for Behavioural 
Sciences and Mental Health, the Velux Fonden, the Horizon Europe 
Research and Innovation programme (101080117), the Zoe Ltd, the 
Research Council for Health and Disease, the Research council of 
Finland Centre of Excellence in Complex Disease Genetics (352792), 
the European Union Horizon 2020, the Centre of Research Excellence 
Grant (1079102), the National Institute of Health (RC2 HL103416), the 
Wellcome Leap Dynamic Resilience Programme, the National Institute 
of Health US (P01 AG08761), the NIHR Barts Biomedical Research 
Centre, Queen Mary University of London, the Forskningsrådet om 
Hälsa, Arbetsliv och Välfärd (2017-00641), the National Institute of 
Alcohol Abuse and Alcoholism (AA-00145, AA-09203, AA-12502, 
AA015416, AA15416), the UK Research and Innovation (UKRI) 
(10093560, 10106435) and the Global Research Network Program of 
the National Research Foundation (NRF 2011-220-E00006).

Ethics Statement

The pooled analysis was approved by the ethical board of the 
Department of Public Health, University of Helsinki. The data collec-
tion procedures of participating twin cohorts were approved by local 
ethical boards following the regulation in each country. Only anony-
mised data were delivered to the data management center at University 
of Helsinki.

 14631326, 0, D
ow

nloaded from
 https://dom

-pubs.pericles-prod.literatum
online.com

/doi/10.1111/dom
.71040 by U

niversity of Skovde, W
iley O

nline L
ibrary on [09/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



9Diabetes, Obesity and Metabolism, 2026

Conflicts of Interest

The authors declare no conflicts of interest.

Data Availability Statement

The data used in this study is owned by the third parties (the individual 
twin cohorts) and made available to this study on the condition that they 
will be used only in this meta-analysis. The data can be used based on 
the same principles as those used in this study (more information from 
Karri Silventoinen karri.silventoinen@helsinki.fi).

Peer Review

The peer review history for this article is available at https://​www.​
webof​scien​ce.​com/​api/​gatew​ay/​wos/​peer-​review/​10.​1111/​dom.​71040​.

References

1. World Health Organization, Obesity and Overweight (World Health 
Organization (WHO), 2025), https://​www.​who.​int/​news-​room/​fact-​
sheets/​detail/​obesi​ty-​and-​overw​eight?​utm_​sourc​e=​chatg​pt.​com.

2. Y. Chen, L. Ma, Z. Han, and P. Xiong, “The Global Burden of Disease 
Attributable to High Body Mass Index in 204 Countries and Territories: 
Findings From 1990 to 2019 and Predictions to 2035,” Diabetes, Obesity 
& Metabolism 26, no. 9 (2024): 3998–4010, https://​doi.​org/​10.​1111/​dom.​
15748​.

3. S. Hildebrand and A. Pfeifer, “The Obesity Pandemic and Its Impact 
on Non-Communicable Disease Burden,” Pflugers Archiv: European 
Journal of Physiology 477, no. 5 (2025): 657–668, https://​doi.​org/​10.​1007/​
s0042​4-​025-​03066​-​8.

4. OECD, The Heavy Burden of Obesity: The Economics of Prevention 
(OECD Health Policy Studies, OECD Publishing, 2019), https://​doi.​org/​
10.​1787/​67450​d67-​en.

5. A. Vesikansa, J. Mehtälä, S. Aspholm, et al., “Indirect Costs Consti-
tute a Major Part of the Total Economic Burden of Obesity: A Finnish 
Population-Based Cohort Study,” BMC Public Health 25 (2025): 1739, 
https://​doi.​org/​10.​1186/​s1288​9-​025-​22978​-​9.

6. H. Zou, P. Yin, L. Liu, et  al., “Body-Weight Fluctuation Was Asso-
ciated With Increased Risk for Cardiovascular Disease, All-Cause and 
Cardiovascular Mortality: A Systematic Review and Meta-Analysis,” 
Frontiers in Endocrinology 10 (2019): 728, https://​doi.​org/​10.​3389/​fendo.​
2019.​00728​.

7. C. A. Anastasiou, M. Yannakoulia, V. Pirogianni, G. Rapti, L. S. Sidos-
sis, and S. A. Kavouras, “Fitness and Weight Cycling in Relation to Body 
Fat and Insulin Sensitivity in Normal-Weight Young Women,” Journal 
of the American Dietetic Association 110, no. 2 (2010): 280–284, https://​
doi.​org/​10.​1016/j.​jada.​2009.​10.​040.

8. M. Kataja-Tuomola, J. Sundell, S. Männistö, et  al., “Short-Term 
Weight Change and Fluctuation as Risk Factors for Type 2 Diabetes in 
Finnish Male Smokers,” European Journal of Epidemiology 25, no. 5 
(2010): 333–339, https://​doi.​org/​10.​1007/​s1065​4-​010-​9444-​6.

9. E. Cereda, A. E. Malavazos, R. Caccialanza, M. Rondanelli, G. Fatati, 
and M. Barichella, “Weight Cycling Is Associated With Body Weight Ex-
cess and Abdominal Fat Accumulation: A Cross-Sectional Study,” Clin-
ical Nutrition (Edinburgh, Scotland) 30, no. 6 (2011): 718–723, https://​
doi.​org/​10.​1016/j.​clnu.​2011.​06.​009.

10. T. J. Oh, J. H. Moon, S. H. Choi, et al., “Body-Weight Fluctuation and 
Incident Diabetes Mellitus, Cardiovascular Disease, and Mortality: A 
16-Year Prospective Cohort Study,” Journal of Clinical Endocrinology & 
Metabolism 104, no. 3 (2019): 639–646, https://​doi.​org/​10.​1210/​jc.​2018-​
01239​.

11. K. Silventoinen, A. Jelenkovic, R. Sund, et al., “Differences in Ge-
netic and Environmental Variation in Adult BMI by Sex, Age, Time 
Period, and Region: An Individual-Based Pooled Analysis of 40 Twin 

Cohorts,” American Journal of Clinical Nutrition 106, no. 2 (2017): 457–
466, https://​doi.​org/​10.​3945/​ajcn.​117.​153643.

12. L. Yengo, J. Sidorenko, K. E. Kemper, et al., “Meta-Analysis of Genome-
Wide Association Studies for Height and Body Mass Index in ∼700000 
Individuals of European Ancestry,” Human Molecular Genetics 27, no. 20 
(2018): 3641–3649, https://​doi.​org/​10.​1093/​hmg/​ddy271.

13. P. Wainschtein, D. Jain, Z. Zheng, et al., “Assessing the Contribution 
of Rare Variants to Complex Trait Heritability From Whole-Genome Se-
quence Data,” Nature Genetics 54, no. 3 (2022): 263–273, https://​doi.​org/​
10.​1038/​s4158​8-​021-​00997​-​7.

14. A. Obeso, G. Drouard, A. Jelenkovic, et al., “Genetic and Environ-
mental Effects on Weight Gain From Young Adulthood to Old Age and 
Its Association With Body Mass Index in Early Young Adulthood: An 
Individual-Based Pooled Analysis of 16 Twin Cohorts,” International 
Journal of Obesity 50 (2025): 768–776, https://​doi.​org/​10.​1038/​s4136​6-​
025-​01998​-​w.

15. A. Obeso, A. Jelenkovic, J. A. Peña, et al., “Genetic Contributions to 
BMI Fluctuation and Its Associations With BMI and Its Trajectories Over 
Adolescence and Early Adulthood: A 25-Year Follow-Up Longitudinal 
Study of Finnish Twins,” Twin Research and Human Genetics 28, no. 5 
(2025): 401–408, https://​doi.​org/​10.​1017/​thg.​2025.​10030​.

16. K. Berg, “Gene-Environment Interaction: Variability Gene Con-
cept,” in Genetic Factors in Coronary Heart Disease. Developments 
in Cardiovascular Medicine, vol. 156, ed. U. Goldbourt, U. de Faire, 
and K. Berg (Springer, 1994), https://​doi.​org/​10.​1007/​978-​94-​011-​
1130-​0_​26.

17. K. Silventoinen, A. Jelenkovic, Y. Yokoyama, et  al., “The CO-
DATwins Project: The Current Status and Recent Findings of COllabo-
rative Project of Development of Anthropometrical Measures in Twins,” 
Twin Research and Human Genetics 22, no. 6 (2019): 800–808, https://​
doi.​org/​10.​1017/​thg.​2019.​35.

18. A. Dyussenbayev, “Age Periods of Human Life,” Advances in Social 
Sciences Research Journal 4, no. 6 (2017): 258–263, https://​doi.​org/​10.​
14738/​​assrj.​46.​2924.

19. E. C. Halloran, “Adult Development and Associated Health Risks,” 
Journal of Patient-Centered Research and Reviews 11, no. 1 (2024): 63–
67, https://​doi.​org/​10.​17294/​​2330-​0698.​2050.

20. M. H. Zonneveld, R. Noordam, B. Sabayan, et  al., “Weight Loss, 
Visit-To-Visit Body Weight Variability and Cognitive Function in Older 
Individuals,” Age and Ageing 52, no. 1 (2023): afac312, https://​doi.​org/​
10.​1093/​ageing/​afac312.

21. A. Obeso, G. Drouard, A. Jelenkovic, et al., “Genetic and Environ-
mental Influences on Educational Disparities in Adult Weight Change: 
An Individual-Based Pooled Analysis of 11 Twin Cohorts,” medRxiv: 
The Preprint Server for Health Sciences (2025): 2025.11.18.25340475, 
https://​doi.​org/​10.​1101/​2025.​11.​18.​25340475.

22. F. J. Basterra-Gortari, L. Forga, M. Bes-Rastrollo, E. Toledo, J. A. 
Martínez, and M. A. Martínez-González, “Effect of Smoking on Body 
Weight: Longitudinal Analysis of the SUN Cohort,” Revista Espanola 
de Cardiologia 63, no. 1 (2010): 20–27, https://​doi.​org/​10.​1016/​s1885​-​
5857(10)​70005​-​0.

23. K. Silventoinen, A. Jelenkovic, A. Latvala, et  al., “Education in 
Twins and Their Parents Across Birth Cohorts Over 100 Years: An 
Individual-Level Pooled Analysis of 42-Twin Cohorts,” Twin Research 
and Human Genetics 20, no. 5 (2017): 395–405, https://​doi.​org/​10.​
1017/​thg.​2017.​49.

24. M. Piirtola, A. Jelenkovic, A. Latvala, et al., “Association of Current 
and Former Smoking With Body Mass Index: A Study of Smoking Dis-
cordant Twin Pairs From 21 Twin Cohorts,” PLoS One 13, no. 7 (2018): 
e0200140, https://​doi.​org/​10.​1371/​journ​al.​pone.​0200140.

25. W. G. Cochran, “The Combination of Estimates From Different 
Experiments,” Biometrics 10, no. 1 (1954): 101–129, https://​doi.​org/​10.​
2307/​3001666.

 14631326, 0, D
ow

nloaded from
 https://dom

-pubs.pericles-prod.literatum
online.com

/doi/10.1111/dom
.71040 by U

niversity of Skovde, W
iley O

nline L
ibrary on [09/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

mailto:karri.silventoinen@helsinki.fi
https://www.webofscience.com/api/gateway/wos/peer-review/10.1111/dom.71040
https://www.webofscience.com/api/gateway/wos/peer-review/10.1111/dom.71040
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight?utm_source=chatgpt.com
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight?utm_source=chatgpt.com
https://doi.org/10.1111/dom.15748
https://doi.org/10.1111/dom.15748
https://doi.org/10.1007/s00424-025-03066-8
https://doi.org/10.1007/s00424-025-03066-8
https://doi.org/10.1787/67450d67-en
https://doi.org/10.1787/67450d67-en
https://doi.org/10.1186/s12889-025-22978-9
https://doi.org/10.3389/fendo.2019.00728
https://doi.org/10.3389/fendo.2019.00728
https://doi.org/10.1016/j.jada.2009.10.040
https://doi.org/10.1016/j.jada.2009.10.040
https://doi.org/10.1007/s10654-010-9444-6
https://doi.org/10.1016/j.clnu.2011.06.009
https://doi.org/10.1016/j.clnu.2011.06.009
https://doi.org/10.1210/jc.2018-01239
https://doi.org/10.1210/jc.2018-01239
https://doi.org/10.3945/ajcn.117.153643
https://doi.org/10.1093/hmg/ddy271
https://doi.org/10.1038/s41588-021-00997-7
https://doi.org/10.1038/s41588-021-00997-7
https://doi.org/10.1038/s41366-025-01998-w
https://doi.org/10.1038/s41366-025-01998-w
https://doi.org/10.1017/thg.2025.10030
https://doi.org/10.1007/978-94-011-1130-0_26
https://doi.org/10.1007/978-94-011-1130-0_26
https://doi.org/10.1017/thg.2019.35
https://doi.org/10.1017/thg.2019.35
https://doi.org/10.14738/assrj.46.2924
https://doi.org/10.14738/assrj.46.2924
https://doi.org/10.17294/2330-0698.2050
https://doi.org/10.1093/ageing/afac312
https://doi.org/10.1093/ageing/afac312
https://doi.org/10.1101/2025.11.18.25340475
https://doi.org/10.1016/s1885-5857(10)70005-0
https://doi.org/10.1016/s1885-5857(10)70005-0
https://doi.org/10.1017/thg.2017.49
https://doi.org/10.1017/thg.2017.49
https://doi.org/10.1371/journal.pone.0200140
https://doi.org/10.2307/3001666
https://doi.org/10.2307/3001666


10 Diabetes, Obesity and Metabolism, 2026

26. D. Posthuma, A. L. Beem, E. J. de Geus, et al., “Theory and Prac-
tice in Quantitative Genetics,” Twin Research 6, no. 5 (2003): 361–376, 
https://​doi.​org/​10.​1375/​13690​52037​70326367.

27. P. E. Shrout and J. L. Fleiss, “Intraclass Correlations: Uses in Assess-
ing Rater Reliability,” Psychological Bulletin 86, no. 2 (1979): 420–428, 
https://​doi.​org/​10.​1037/​0033-​2909.​86.2.​420.

28. J. Kaprio and K. Silventoinen, “Advanced Methods in Twin Studies,” 
Methods in Molecular Biology (Clifton, N.J.) 713 (2011): 143–152, https://​
doi.​org/​10.​1007/​978-​1-​60327​-​416-​6_​11.

29. J. Rodin, N. Radke-Sharpe, M. Rebuffé-Scrive, and M. R. Green-
wood, “Weight Cycling and Fat Distribution,” International Journal of 
Obesity 14, no. 4 (1990): 303–310.

30. T. L. Holbrook, E. Barrett-Connor, and D. L. Wingard, “The Asso-
ciation of Lifetime Weight and Weight Control Patterns With Diabetes 
Among Men and Women in an Adult Community,” International Jour-
nal of Obesity 13, no. 5 (1989): 723–729.

31. K. Silventoinen, W. Li, A. Jelenkovic, et al., “Changing Genetic Ar-
chitecture of Body Mass Index From Infancy to Early Adulthood: An 
Individual Based Pooled Analysis of 25 Twin Cohorts,” International 
Journal of Obesity (2005) 46, no. 10 (2022): 1901–1909, https://​doi.​org/​
10.​1038/​s4136​6-​022-​01202​-​3.

32. J. M. Vink, M. Bartels, T. C. van Beijsterveldt, et al., “Sex Differences 
in Genetic Architecture of Complex Phenotypes?,” PLoS One 7, no. 12 
(2012): e47371, https://​doi.​org/​10.​1371/​journ​al.​pone.​0047371.

33. M. Simmonds, J. Burch, A. Llewellyn, et al., “The Use of Measures 
of Obesity in Childhood for Predicting Obesity and the Development of 
Obesity-Related Diseases in Adulthood: A Systematic Review and Meta-
Analysis,” Health Technology Assessment (Winchester, England) 19, no. 
43 (2015): 1–336, https://​doi.​org/​10.​3310/​hta19430.

34. R. Yang, J. Yu, C. Luo, et al., “Correlations and Consistency of Body 
Composition Measurement Indicators and BMI: A Systematic Review,” 
International Journal of Obesity (2005) 49, no. 1 (2025): 4–12, https://​doi.​
org/​10.​1038/​s4136​6-​024-​01638​-​9.

35. S. M. Ribeiro and J. J. Kehayias, “Sarcopenia and the Analysis of 
Body Composition,” Advances in Nutrition 5, no. 3 (2014): 260–267, 
https://​doi.​org/​10.​3945/​an.​113.​005256.

36. A. Jungert, G. Eichner, and M. Neuhäuser-Berthold, “Trajectories 
of Body Composition During Advanced Aging in Consideration of Diet 
and Physical Activity: A 20-Year Longitudinal Study,” Nutrients 12, no. 
12 (2020): 3626, https://​doi.​org/​10.​3390/​nu121​23626​.

Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Figure S1: Flow chart illustrating 
the selection and inclusion process of participants in the current study. 
Figure S2: Conceptual illustration of BMI change and BMI fluctuation 
in two. Figure S3: Association between BMI trajectories and BMI fluc-
tuation by twin cohort in men. Figure S4: Association between BMI 
trajectories and BMI fluctuation by twin cohort in women. Figure S5: 
Cohort-specific additive genetic (a2) and unique environmental (e2) ef-
fects of BMI fluctuation in men. Figure S6: Cohort-specific additive 
genetic (a2) and unique environmental (e2) effects of BMI fluctuation 
in women. Table  S1: Descriptive information on the included data-
bases after application of exclusion criteria. Table S2: Distribution and 
frequency of BMI measurements across twin cohorts included in the 
study. Table S3: Comparison of general characteristics and BMI related 
measures (Baseline BMI, BMI change and BMI fluctuation) across life-
stage and pooled analytic samples. Table  S4: Correlations between 
BMI fluctuation obtained through the main model of the study and the 
comparison model (variance of delta slopes) by sex at cohort-specific 
level and pooled data. Table  S5: Proportion of self-reported BMI by 
cohort. Table S6: Associations of BMI fluctuation (kg/m2 per decade) 
with baseline BMI (kg/m2) and BMI change (kg/m2 per decade) in the 
pooled dataset with life-stage stratification, by sex. Table S7: Sensitivity 

analysis of the associations of BMI fluctuation (kg/m2 per decade) with 
baseline BMI (kg/m2) and BMI change (kg/m2 per decade) in the pooled 
dataset with and without life-stage stratification, by sex. Table  S8: 
Sensitivity analysis: associations between BMI fluctuation and BMI 
trajectories restricted to individuals with ≥ 5 BMI measurements. 
Table S9: Cohort-specific associations of BMI fluctuation (kg/m2 per 
year) with baseline BMI (kg/m2) and BMI change (kg/m2 per year), 
stratified by sex. Table  S10: Meta-regression analysis of the effect of 
self-reported BMI proportion on study estimates. Table S11: Intraclass 
correlations for body mass index (BMI) fluctuation (kg/m2 per year) 
in pooled data without life-stage stratification. Table  S12: Intraclass 
correlations for body mass index (BMI) fluctuation (kg/m2 per year) 
in pooled data with life-stage stratification. Table  S13: Model fit sta-
tistics of body mass index (BMI) fluctuation (kg/m2 per year) in pooled 
data without life-stage stratification. Table S14: Model fit statistics of 
body mass index (BMI) fluctuation (kg/m2 per year) in a pooled data 
with life-stage stratification. Table  S15: Intraclass correlations (and 
95% confidence interval) for body mass index (BMI) fluctuation (kg/m2 
per year) in cohort specific data by sex and zygosity. Table S16: Model 
fit statistics of body mass index (BMI) fluctuation (kg/m2 per year) in 
cohort specific data. Table S17: Heritability and relative proportion of 
unique environmental variance for body mass index (BMI) fluctuation 
rate (kg/m2 per year) with 95% confidence intervals, presented for each 
cohort and stratified by sex. Table  S18: Additive genetic and unique 
environmental correlations of the associations between BMI fluctu-
ation and BMI trajectories with life-stage stratification in the pooled 
data by sex. Table S19: Comparison of intraclass correlations for body 
mass index (BMI) fluctuation (kg/m2 per year) between the full pooled 
sample and the life-stage–restricted sample. Table  S20: Comparison 
of model fit statistics of body mass index (BMI) fluctuation (kg/m2 per 
year) between the full pooled sample and the life-stage–restricted sam-
ple. Table S21: Comparison of Heritability and relative proportion of 
unique environmental variance for body mass index (BMI) fluctuation 
rate (kg/m2 per year) between full pooled sample and the life-stage–re-
stricted sample in both cases stratified by sex. 

 14631326, 0, D
ow

nloaded from
 https://dom

-pubs.pericles-prod.literatum
online.com

/doi/10.1111/dom
.71040 by U

niversity of Skovde, W
iley O

nline L
ibrary on [09/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1375/136905203770326367
https://doi.org/10.1037/0033-2909.86.2.420
https://doi.org/10.1007/978-1-60327-416-6_11
https://doi.org/10.1007/978-1-60327-416-6_11
https://doi.org/10.1038/s41366-022-01202-3
https://doi.org/10.1038/s41366-022-01202-3
https://doi.org/10.1371/journal.pone.0047371
https://doi.org/10.3310/hta19430
https://doi.org/10.1038/s41366-024-01638-9
https://doi.org/10.1038/s41366-024-01638-9
https://doi.org/10.3945/an.113.005256
https://doi.org/10.3390/nu12123626

	Genetic and Environmental Effects on BMI Fluctuation Across the Adult Life Course and Its Associations With Baseline BMI and BMI Change: An Individual-Based Study of 14 Longitudinal Twin Cohorts
	ABSTRACT
	1   |   Introduction
	2   |   Data and Methods
	2.1   |   Cohorts
	2.2   |   Calculation of BMI Trajectories and BMI Fluctuation
	2.3   |   Association Analyses
	2.4   |   Structural Equation Modelling

	3   |   Results
	4   |   Discussion
	Author Contributions
	Acknowledgments
	Funding
	Ethics Statement
	Conflicts of Interest
	Data Availability Statement
	Peer Review
	References


