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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 58311 individuals (54% women) and 22714 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 (a>=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 (a>=0.36) and in women at 51-65

(a>=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/m?). Twin individuals with
at least three measures after age 18 were included (N=61628).
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 58311 twin individuals (54%
women) and 203374 longitudinal BMI measurements from 22714
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-
30years), early midlife (31-50years), midlife (51-65years) or
older adulthood (> 66 years), defined according to previous stud-
ies [18, 19] and prior CODATwins research [14]. These analyses
included 16083 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 (31-50years), midlife (51-65years)
or older adulthood (>66years) based on their final BMI mea-
surement (N =28821 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/m?) and linear rate of BMI change over time
(kg/m? per decade).

BMI fluctuation (kg/m? per decade) was computed based on
deviations from the modelled trajectory. For each individual
i, predicted BMI at age t was calculated as y,=x,n,+m;+¢,,
where y,, is the predicted BMI for individual i at age ¢, n, is the
individual-specific estimated BMI change (kg/m? per decade),
m, is the individual-specific baseline BMI (kg/m?), x,, is the dif-
ference between age ¢ and the baseline age and ¢,, 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 Ime4 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 y2-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
x?-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 (r,), shared environmental (r),
and unique environmental (r;) 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 30years) to older adulthood
(> 66years) in men (from 4.75 to 13.13kg/m?) and women (from
8.31 to 17.61kg/m?), 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: $=0.31, 95% CI
0.23-0.44; women: $=0.52, 95% CI 0.45-0.60) and negatively
associated with BMI change (men: 8=-0.03, 95% CI —0.04 to
—0.02; women: 3=-0.07, 95% CI —0.08 to —0.06). Each 1-unit
increase in baseline BMI corresponded to a 1.70kg/m? higher
BMI fluctuation per decade in men and 2.20kg/m? in women,
while each 1-unit increase in BMI change was linked to a
0.50kg/m? lower BMI fluctuation in men and 0.40kg/m? lower
in women. Life-stage-stratified analyses showed that baseline

TABLE1 | Mean BMI fluctuation by life stage and sex in the pooled
data.

Men Women
BMI
BMI fluctuation fluctuation
(kg/m? per (kg/m? per

decade) decade)
Life-stage Mean SD Mean SD
Young adulthood 4.75 11.20 8.31 15.11
(18-30years)
Early midlife 5.75 11.80 9.80 17.83
(31-50years)
Midlife 6.98 13.93 13.12 19.53
(51-65years)
Older adulthood 13.10 20.32 17.62 22.71

(> 66years)

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

TABLE 2 | Associations of BMI fluctuation (kg/m? per decade) with baseline BMI (kg/m?) and BMI change (kg/m? per decade) in the pooled

dataset by sex.

Men Women
95% CI 95% CI
Outcomes Estimate LL UL Estimate LL UL
N=28087 N=30488
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.

4

Diabetes, Obesity and Metabolism, 2026

85U8017 SUOIWIOD aA 11810 3[edl|dde auy Aq peusenol a1e sajolie YO 9SN J0 Sa|nJ 10} Aeiq1T 8UlUO /8|1 UO (SUORIPUOD-PUE-SWLBIALIO A3 | 1M Ale.d 1[Bu UO//SIL) SUORIPUOD PUe SWIS 1 8l 38S *[9202/20/60] U0 A%eiqi8uliuO A8]1A ‘BpAOXS Jo AISieAIun Ag O¥OT. WOP/TTTT 'OT/I0p/W0d'8ul juownes) | poid-ss o Lad sqnd-wiop;/sdiy woiy pepeojumod ‘0 ‘9zZETET



TABLE 3 | Associations between baseline BMI (kg/m?) at young adulthood and BMI fluctuation (kg/m? per decade) from young adulthood to

subsequent stages of life by sex.

Men Women
95% CI 95% CI
Outcomes Estimate LL UL Estimate 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/m? per year) from young adulthood to subsequent stages and baseline
BMI (kg/m?) 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.

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 (=0.31), followed by early midlife
(8=0.23) and older adulthood (8=0.24). For women, the asso-
ciations were consistently stronger, with the largest effect from
young adulthood to midlife (§=0.72), and smaller yet signifi-
cant effects from young adulthood to older adulthood (8=0.63)
and to early midlife (3=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 ('fMZ < 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 (2LL,.; <2LL, ;) (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 (a?>=0.20)
and women (a>=0.29), while unique environmental effects
accounted for most of the variance (¢?=0.80 and 0.71, respec-
tively). Heritability varied across life stages: in men, it was
highest in middle-late adulthood (a>=0.36) and lowest in mid-
life (a>=0.15); while in women, it peaked in midlife (a>=0.36)
and was lowest in older adulthood (a?=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 (r, =0.27; r;=0.16) and women (r, =0.36;
r;=0.21), as well as to associations with BMI change (men:
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TABLE 4 | Heritability and relative proportion of unique environmental variance for body mass index (BMI) fluctuation rate (kg/m? 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.
Men Women
95% CI 95% CI 95% CI 95% CI

BMI fluctuation a? LL UL e? LL UL a? LL UL e? 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 0.35 0.28 0.42 0.65 0.57 0.71 0.30 0.19 0.39 0.70 0.60 0.80

(18-30years)

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

(31-50years)

Midlife (51-65years) 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 0.24 0.11 0.36 0.76 0.63 0.88 0.11 0.01 0.23 0.89 0.76 1.00

(> 66years)

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; €2, 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 (18-30years of age) and BMI fluctuation (kg/m? per year) from early young adulthood to subsequent life-stages in the

pooled data by sex.
Men Women
95% CI 95% CI 95% CI 95% CI

Outcomes r, LL UL rg LL UL r, UL LL T LL UL
Pooled data without life-stage stratification

Baseline BMI 0.27 0.23 0.31 0.16 0.13 0.19 0.36 033  0.39 0.21 0.19 0.24

BMI change —0.08 -0.13 -0.04 -0.06 —0.08 -0.03 0.06 002 010 -0.05 -0.07 —0.04
Baseline BMI at young adulthood-BMI fluctuation from young adulthood to subsequent stages

From young 0.27 0.17 0.37 0.15 0.08 0.22 0.35 0.29 042 0.20 0.15 0.24

adulthood to

early midlife

From young 0.29 0.16 0.44 0.16 0.08 0.24 0.52 043  0.61 0.24 0.17 0.31

adulthood to

midlife

From young 0.58 0.38 1.00 0.08 0.01 0.15 0.61 036 0.85 0.25 0.01 0.48

adulthood

to older

adulthood

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; r,, additive genetic correlation; ry;, specific environmental correlation; UL, upper limit.

rA=—0.08, rE=—0.06; women: rA=0.06, B

r,=-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 (r, =0.27-0.58; r;=0.08-0.16) and women
(r,=0.35-0.61; r,=0.20-0.25).
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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 I? 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.
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