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ARTICLE HIGHLIGHTS

� Why did we undertake this study?
We aimed to explore whether deviations from genetically predicted BMI affect type 2 diabetes (T2D) risk, independent of actual BMI.

� What is the specific question we wanted to answer?
Can BMI exceeding genetic set points predict T2D risk and be associated with insulin sensitivity?

� What did we find?
Individuals with higher observed BMI than genetically predicted BMI showed an increased T2D risk and impaired insulin sensitivity.

� What are the implications of our findings?
Our results support personalized BMI targets and suggest that tailored lifestyle modifications could be important in T2D prevention. Further
research is needed on the underlying pathophysiology of T2D and its remission after tailored weight reduction.
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OBJECTIVE

Obesity is a key predictor of type 2 diabetes (T2D). However, metabolic complica-
tions are not solely due to increased BMI.We hypothesized that differences between
genetically predicted BMI and observed BMI (BMI-diff) could reflect deviation from
individual set point and may predict incident T2D.

RESEARCH DESIGN AND METHODS

From the UK Biobank cohort, we selected participants of European ancestry with-
out T2D (n = 332,154). The polygenic risk score for BMI was calculated via Bayesian
regression and continuous shrinkage priors (PRS-CS). According to the BMI-diff, the
10-year risk of T2D was assessed using multivariable Cox proportional hazards
model. Independent data from the Korean Genome and Epidemiology Study
(KoGES) cohort from South Korea (n = 7,430) were used for replication.

RESULTS

Participants from the UK Biobank were divided into train (n = 268,041) and test set
(n = 115,119) to establish genetically predicted BMI. In the test set, the genetically
predicted BMI explained 7.1% of the variance of BMI, and there were 3,599 T2D
cases (3.1%) during a 10-year follow-up. Participants in the higher quintiles of BMI-
diff (more obese than genetically predicted) had significantly higher risk of T2D than
those in the lowest quintile after adjusting for observed BMI: the adjusted hazard ra-
tio of the 1st quintile (vs. 5th quintile) was 1.61 (95% CI 1.26–2.05, P < 0.001). Results
were consistent among individuals in the KoGES study. Moreover, higher BMI than
predicted was associated with impaired insulin sensitivity.

CONCLUSIONS

Having a higher BMI than genetically predicted is associated with an increased
risk of T2D. These findings underscore the potential to reassess T2D risk based on
individual levels of obesity using genetic thresholds for BMI.

The global rise in obesity has resulted in a significant increase in the prevalence of
type 2 diabetes (T2D), posing a major health concern worldwide (1). BMI is strongly
associated with adverse metabolic consequences, such as T2D (2). However, relying
solely on BMI does not provide an accurate representation of individual’s risk of de-
veloping metabolic diseases (3). Some individuals with a normal BMI may still have
an elevated risk for obesity-related health issues, whereas others with a high BMI
may remain resilient to common metabolic complications (4). In this regard, the con-
cept of the personal fat threshold, suggesting that each individual has a unique fat
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set point, has emerged as a tool for un-
derstanding the development of T2D in
individuals without obesity and the
remission of diabetes after substantial
weight loss in persistently individuals
with obesity (5,6). However, little evi-
dence is available in the context of the
development of metabolic diseases.
A genetic epidemiology approach could

be leveraged to test the personal fat
threshold hypothesis in the development
of T2D and provide insights into T2D path-
ophysiology. It is now possible to generate
polygenic risk scores (PRS) based on com-
mon genetic variants derived from genome-
wide association studies (GWAS) that can
predict BMI at the individual level (7). By
examining the discrepancy between ge-
netically predicted BMI (BMI-pred) and
observed BMI, we could obtain a quanti-
tative measure representing the deviation
from the biological set point and provide
an opportunity to unveil the relationship
between BMI and T2D at the individual
level (8).
Thus, in this study, we hypothesized

that BMI-pred could represent a thresh-
old for an individual’s susceptibility to
obesity and sought to investigate the ef-
fect of the difference between an individ-
ual’s observed BMI and BMI-pred (i.e.,
BMI-diff), on the occurrence of incident
T2D.

RESEARCH DESIGN AND METHODS

Study Participants: UK Biobank
Cohort
The UK Biobank is a nationwide longitudi-
nal cohort study that included >500,000
individuals aged 40–69 years between
2006 and 2010.The current study received
approval from the UK Biobank Review
Committee under application number
44196. Ethical approval for the UK Bio-
bank study was granted by the North
West Multi-Center Research Ethics Com-
mittee (Manchester, U.K.). The full proto-
cols are described elsewhere (9). All
participants provided written informed
consent.
A total of 502,413 participants were ini-

tially eligible, and exclusions were made
for individuals 1) of non-European ances-
try (n = 92,859; field ID 22006), 2) with
high missingness or excess heterozygosity
on genetic quality control (n = 731; field
ID 22027), 3) with significant genetic kin-
ship to other participants (n = 164; field ID
22021), 4) with missing values on BMI

data and covariates (n = 1,298), and 5) with
previous diagnosis of T2D (n = 20,501).
Additionally, participants with BMI values
>3 SDs away from the mean of the initial
population (n = 3,700) were excluded to
minimize the influence of rare monogenic
causes of obesity, as commonly defined
in other genetic epidemiology studies (10).
The final analysis included 332,154 partici-
pants (Supplementary Fig. 1A).

Genotyping: UK Biobank
Genotyping of the UK Biobank partici-
pants was conducted as described else-
where (11), using the custom UK Biobank
Lung Exome Variant Evaluation Axiom
(Affymetrix; n = 49,950; including 807,411
single nucleotide polymorphisms [SNPs])
or the UK Biobank Axiom array (Affyme-
trix; n = 438,427; including 825,927 SNPs).
Genotype data were imputed based on
reference panels, including the Haplotype
Reference Consortium, UK10K, and 1000
Genomes Phase 3 panels (12–14). SNPs
not in Hardy-Weinberg equilibrium (P <
1.0 × 10�6), with minor allele frequency
<1%, or with genotyping failure rate>5%
were excluded.

Study Participants: Korean
Genome and Epidemiology Study
Population-Based Cohort
The Korean Genome and Epidemiology
Study (KoGES) cohort, part of the National
Biobank of Korea, is a prospective study
that collected comprehensive phenotypic
measures and biological samples including
genetic data. Participants were recruited
from the national health examinee registry,
with an age of $40 at baseline. KoGES
data consist of three cohorts: community-
based (Ansan/Ansung cohort), urban, and
rural cohorts. Anthropometric and clinical
data were collected through physical ex-
aminations, laboratory tests, and inter-
views about disease status (15). From a
total of 92,707 participants (n = 82,677 in
the urban/rural cohort; n = 10,030 in the
Ansan/Ansung cohort), those who did not
pass the genotype quality control (QC)
were excluded, as described below. For the
Ansan/Ansung cohort, which was used as
the test set, 1) those who had missing BMI
data, 2) had previous T2D diagnosis, and 3)
had extreme BMI values over ±3 SD were
also excluded (Supplementary Fig. 1B).

Genotyping: KoGES
All participants in the KoGES analysis
were genotyped using the KoreanChip,

a customized array optimized for the
Korean population. The details of the
KoreanChip contents (833,000 variants)
and the genotyping in the KoGES cohorts
can be found elsewhere (16). QC meas-
ures were applied to exclude samples
with low call rate (<97%), excessive het-
erozygosity, excessive singletons, sex dis-
crepancy, and cryptic first-degree relatives.
SNPs not in Hardy-Weinberg equilibrium
(P < 1.0 × 10�6) or low call rate (<95%)
were also excluded. After QC, data were
phased and imputed using the Eagle v2.3
and IMPUTE 4 algorithms, respectively,
with the 1000 Genomes Project Phase 3
data and the Korean reference genome as
the reference panel. Variants with an im-
putation quality score <0.8 and a minor
allele frequency <1% were excluded after
imputation. We analyzed 6,430,431 var-
iants in total after these processes.

Calculating PRS Using the
Continuous Shrinkage Method
PRS were calculated using the continu-
ous shrinkage (PRS-CS) method (17). The
PRS-CS method is a polygenic prediction
method that infers posterior effect sizes
of each SNP from genome-wide associa-
tion summary statistics and external link-
age disequilibrium reference panel data
(for UK Biobank, 1000 Genomes Project
Phase 3 European reference; for KoGES,
1000 Genomes Project Phase 3 East
Asian reference). After acquiring the pos-
terior effect sizes calculated by Bayesian
regression and CS priors, each SNP was
coded as 0, 1, or 2 according to the num-
ber of risk alleles, and the PRS-CS was
calculated by standardizing the cumula-
tive effect of each SNP for each partici-
pant. The effect sizes and P values of each
SNP for BMI were obtained from previ-
ously published GWAS summary statistics
data from the Genetic Investigation of
ANthropometric Traits (GIANT) consor-
tium for the UK Biobank data, which ana-
lyzed 332,154 participants with 2,554,637
variants (18). The summary statistics of
the GWAS data from the Biobank Japan,
including 163,835 participants with
13,236,464 variants, was used for the
KoGES analysis (19).

Estimating Genetically BMI-Pred
From PRS-CS: UK Biobank
The final study population for analysis in
the UK Biobank cohort was randomly di-
vided into a train set (n = 268,041) and a
test set (n = 115,119) in a seven-to-three
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ratio. The PRS-CS-auto method, which
does not require independent validation
data, was used to calculate the PRS-CS
for BMI in the entire cohort. The train set
was used to develop a genetic prediction
model for BMI using the PRS-CS, and the
test set was reserved to evaluate the effect
of BMI-diff on incident T2D. An optimal
elastic-net regression model was built using
the calculated PRS-CS and observed BMI
values in the train set. The genetically BMI-
pred for each participant in the test set was
obtained using the model derived from the
train set.We then calculated the numerical
difference (BMI-diff = BMI-pred – observed
BMI) between the predicted and observed
BMI in the test set. Higher or positive values
represent leaner than genetically predicted,
and lower or negative values more obese
than predicted.

Estimating Genetically BMI-Pred
From PRS-CS: KoGES
For the KoGES cohort, the urban/rural
subcohort was randomly split into train
and test sets at a seven-to-three ratio.
We used the train set (n = 45,809) to cre-
ate an optimal PRS-CS model. This model
was then applied to both the test set (n =
20,994) of the Urban/Rural cohort and
the Ansan/Ansung cohort (n = 7,430;
termed the analysis set). An elastic-net
regression model was developed in the
test set to estimate genetically BMI-pred
from the PRS-CS. Using this model, the
BMI-pred was obtained from the PRS-CS
in the analysis set, and the absolute dif-
ference (BMI-diff = BMI-pred – observed
BMI) between the predicted and mea-
sured BMI was calculated.

Definitions of Covariates and
Outcomes
The primary outcome of this study was the
development of T2D during the follow-up.
T2D was defined using inpatient hospital
registry data in the UK Biobank, using the
corresponding ICD-10 code E11. Detailed
definitions of covariates and outcomes are
provided in Supplementary Table 1. The
covariates included quintile groups of
BMI-diff, age, sex, BMI as a continuous
value, enrollment center, Townsend depri-
vation index, current smoking, moderate-
to-vigorous physical activity, hypertension,
dyslipidemia, genotype array, and genetic
principal component (PC) 1 to 10.

In the KoGES cohort, patients with
T2D were defined as participants with
self-reported T2D, on T2D medications,

or meeting the American Diabetes Asso-
ciation diagnostic criteria (fasting plasma
glucose $7.0 mmol/L, 2-h postload glu-
cose $11.1 mmol/mol or glycated he-
moglobin [HbA1c] $48 mmol/mol) (20).
The covariates for the KoGES cohort in-
cluded quintile groups of BMI-diff, age,
sex, BMI as a continuous value, current
smoking, moderate-to-vigorous physical
activity, hypertension, dyslipidemia, and
genetic PC 1 to 10.

Plasma insulin and glucose levels and
75-g oral glucose tolerance test (OGTT)
data from the KoGES were used to esti-
mate parameters of pancreatic b-cell
function and insulin sensitivity and com-
pared among the quintile groups of
BMI-diff in KoGES data (21). Pancreatic
b-cell function was estimated using the
60-min insulinogenic index (IGI60) de-
rived from plasma insulin and glucose
levels at 0 min and 60 min of the OGTT.
IGI60 was calculated as (insulin60min –

insulin0min [mU/mL])/(glucose60 min –

glucose0min [mmol/L]). Insulin sensitivity
was assessed using the composite (Mat-
suda) insulin sensitivity index, which was
calculated as below, using 0-min, 60-min,
and 120-min values of OGTT. The OGTT-
derived disposition index was calculated
by multiplying the IGI60 and Matsuda in-
dex to account for b-cell function ad-
justed for the insulin sensitivity.

Statistical Analyses
Continuous variables are presented as
mean ± SD and categorical variables as
numbers (percentages). The x2 test was
used for categorical variables and the
ANOVA test for continuous variables to
examine differences between baseline
features. For the main results, Cox re-
gression models were used to calculate
unadjusted and adjusted hazard ratios
(HRs) and CIs for T2D by BMI-diff, using
the 5th quintile of BMI-diff as the refer-
ence. The same models were also used
to investigate the associations between
BMI-diff and the risk of T2D in the con-
tinuous scale. The restricted cubic spline
curves of adjusted HRs with 95% CIs
from these models were plotted to visu-
alize the association between BMI-diff
and the risk of T2D.The incidence rate per
1,000 person-years of T2D was calculated
and compared among the quintile groups
of BMI-diff. Participants were censored on
the earliest date among the date of the
end of follow-up, that of the outcome

occurrence, or that of death. The median
follow-up duration was 12.6 years in the
test set of the UK Biobank and 13.7 years
in the analysis set of KoGES cohort. We
censored participants based on the earli-
est occurrence of death, the outcome of
interest, or 10 years of follow-up.We eval-
uated the predictive ability of the predic-
tion models for T2D risk using the Harrell
C-index and assessed the additive predic-
tive effect of BMI-diff by the Somers D
statistic. The category-free net reclassifi-
cation index (NRI) was calculated to eval-
uate the degree of T2D reclassification
for the addition of BMI-diff in the previ-
ous models. For both cohorts, we con-
ducted sensitivity analyses to assess the
robustness of our findings. These in-
cluded 1) participants with extreme BMI
over ±3 SDs, 2) BMI <30 kg/m2, 3) BMI
25–30 kg/m2, and 4) male or female sex.
A P value <0.05 was considered statisti-
cally significant. All statistical analyses
were performed using R 4.2.3 software
and Stata 17.0 software.

Data and Resource Availability
For UK Biobank data, all data used in this
study are publically available (https://
biobank.ndph.ox.ac.uk/). The KoGES data
are available from Korea National Insti-
tute of Health (https://www.nih.go.kr/),
but restrictions apply to the availability of
these data. Data may be available upon
reasonable request and with permission
of Korea National Institute of Health.

RESULTS

Clinical Characteristics of the Study
Cohort
The characteristics of the 115,119 UK
Biobank participants (mean age 56.8 ±
8.0 years, 45.2% men) without diabetes
included in the test set are provided in
Supplementary Table 2. More than half
of the participants were classified as
overweight, with a mean BMI of 27.0 ±
4.2 kg/m2. The distribution of predicted
and observed BMI is provided in Supple-
mentary Fig. 2. Common genetic varia-
tion explained 7.1% of variance of pre-
dicted BMI. The BMI-pred was normally
distributed. The clinical characteristics
based on categories of BMI-diff are sum-
marized in Table 1. Individuals in the lower
quintile group, representing those with
higher BMI than genetically predicted,
were more likely to have a higher preva-
lence of hypertension and dyslipidemia,
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higher socioeconomic deprivation, and
be less physically active than those in
higher quintile group. Conversely, the
higher quintile groups, representing indi-
viduals who were leaner than genetically
predicted, were younger, had a higher
proportion of women, and had a higher
proportion of current smokers and daily
drinkers.

Risk of Incident T2D According to
Discrepancy Between BMI-pred and
Observed BMI
During a 10-year follow-up period, there
were 3,599 T2D incident cases. The cu-
mulative incidences at 10 years was
3.20%, and the incidence rate per 1,000
person-years was 3.23 (Supplementary
Table 3). Investigating the associations
between BMI-diff and the risk of T2D,
we showed that a higher BMI-diff, indicat-
ing lower BMI than genetically predicted,
was significantly associated with a lower

risk of incident T2D (Fig. 1). These associa-
tions were consistent when discrepancy
between BMI-pred and observed BMI was
categorized into quintiles of BMI-diff distri-
bution. Compared with individuals in the
top BMI-diff distribution, indicating indi-
viduals with lower BMI than genetically
predicted, those with higher BMI than ge-
netically predicted had an adjusted HR for
T2D of 1.61 (95% CI 1.26–2.05, P < 0.001)
(Table 2). These results were consistent in
a range of sensitivity analyses including the
population without excluding those with
extreme BMI over ±3 SDs (Supple-
mentary Table 4), participants with BMI
<30 kg/m2 (Supplementary Table 5), those
with BMI between 25 and 30 kg/m2

(Supplementary Table 6), and in both men
and women (Supplementary Table 7).

Adding BMI-diff significantly improved
the T2D predictive ability and reclassifica-
tion index in models that included only
BMI (the Harrell C-index improved from

0.701 [95% CI 0.693–0.709] to 0.718
[95% CI 0.710–0.726], P < 0.001; cate-
gory-free NRI 4.28% [95% CI 40.97–7.59],
P = 0.012) and selected clinical variables
(the Harrell C-index improved from 0.776
[95% CI 0.768–0.784] to 0.781 [95% CI
0.773–0.789], P < 0.001; category-free
NRI 6.56% [95% CI 2.78–10.34], P <
0.001) (Supplementary Table 8).

Independent Replication in the
KoGES Cohort
The KoGES Ansan/Ansung cohort was
analyzed for replication in the East Asian
ethnicity, comprising 7,430 individuals
(mean age 52.0 ± 8.9 years, 47.3% men).
The KoGES population was younger and
less obese compared with the UK Bio-
bank cohort, with a mean BMI of 24.5 ±
3.0 kg/m2 (Supplementary Table 9). The
distribution of BMI-pred and observed
BMI is provided in Supplementary Fig. 2.
Common genetic variation explained 5.7%

Table 1—Baseline characteristics of test set from UK Biobank according to the discrepancy between measured and
genetically BMI-pred

1st quintile of
BMI-diff

(n = 23,024)

2nd quintile of
BMI-diff

(n = 23,024)

3rd quintile of
BMI-diff

(n = 23,024)

4th quintile of
BMI-diff

(n = 23,024)

5th quintile of
BMI-diff

(n = 23,023) P

Demographics
Age, years 57.1 ± 7.8 57.4 ± 7.9 57.2 ± 7.9 56.6 ± 8.1 55.6 ± 8.2 <0.001
Male sex 10,788 (46.9) 12,731 (55.3) 11,799 (51.2) 10,024 (43.5) 6,685 (29.0) <0.001
Townsend deprivation index �1.2 ± 3.1 �1.6 ± 2.9 �1.8 ± 2.8 �1.8 ± 2.8 �1.7 ± 2.9 <0.001

Measurements

BMI, kg/m2 33.2 ± 3.0 28.7 ± 1.6 26.5 ± 1.5 24.6 ± 1.5 22.1 ± 1.8 <0.001
Genetically BMI-pred, kg/m2 27.4 ± 1.4 27.2 ± 1.4 27.3 ± 1.4 27.3 ± 1.3 27.7 ± 1.3 <0.001
BMI-diff, kg/m2 �5.8 ± 2.5 �1.4 ± 0.7 0.8 ± 0.6 2.7 ± 0.6 5.6 ± 1.5 <0.001
Waist circumference, cm 103.4 ± 10.0 94.4 ± 8.4 88.9 ± 8.2 83.6 ± 8.2 76.2 ± 8.0 <0.001
Hip circumference, cm 113.0 ± 7.6 105.3 ± 5.1 101.9 ± 4.8 99.0 ± 4.7 94.9 ± 5.0 <0.001
Systolic blood pressure, mmHg 144.5 ± 18.9 143.0 ± 19.1 141.0 ± 19.3 138.1 ± 19.6 133.5 ± 19.7 <0.001
Diastolic blood pressure, mmHg 86.3 ± 10.2 84.3 ± 10.2 82.3 ± 10.2 80.6 ± 10.2 77.7 ± 10.2 <0.001

Lifestyle factors and comorbidities

Current smoker 2,063 (9.0) 2,203 (9.6) 2,174 (9.4) 2,319 (10.1) 2,735 (11.9) <0.001
Daily drinking 3,973 (17.3) 5,003 (21.7) 5,352 (23.2) 5,345 (23.2) 5,174 (22.5) <0.001
Moderate-to-vigorous physical

activity
8,480 (47.3) 9,998 (53.3) 10,572 (56.1) 11,117 (58.6) 11,243 (59.7) <0.001

IPAQ physical activity
classification

<0.001

Low 4,447 (19.3) 3,653 (15.9) 3,213 (14.0) 2,799 (12.2) 2,577 (11.2)
Moderate 7,248 (31.5) 7,689 (33.4) 7,766 (33.7) 7,762 (33.7) 7,627 (33.1)
High 6,240 (27.1) 7,408 (32.2) 7,857 (34.1) 8,404 (36.5) 8,614 (37.4)

Hypertension 9,763 (42.4) 7,497 (32.6) 6,045 (26.3) 4,689 (20.4) 3,497 (15.2) <0.001
Dyslipidemia 5,526 (24.0) 4,808 (20.9) 3,889 (16.9) 2,986 (13.0) 1,952 (8.5) <0.001

Laboratory results

Total cholesterol, mmol/L 5.8 ± 1.2 5.8 ± 1.2 5.8 ± 1.1 5.8 ± 1.1 5.7 ± 1.1 <0.001
LDL-cholesterol, mmol/L 3.7 ± 0.9 3.7 ± 0.9 3.7 ± 0.9 3.6 ± 0.8 3.4 ± 0.8 <0.001
HDL-cholesterol, mmol/L 1.3 ± 0.3 1.4 ± 0.3 1.4 ± 0.4 1.5 ± 0.4 1.7 ± 0.4 <0.001
Triglyceride, mmol/L 2.2 ± 1.2 2.0 ± 1.1 1.8 ± 1.0 1.5 ± 0.8 1.2 ± 0.6 <0.001
Fasting glucose, mmol/L 5.1 ± 0.9 5.0 ± 0.8 5.0 ± 0.7 4.9 ± 0.7 4.9 ± 0.7 <0.001
HbA1c, mmol/L 36.3 ± 5.1 35.4 ± 4.5 34.9 ± 3.9 34.5 ± 3.7 34.3 ± 3.6 <0.001

Data are presented as n (%) or mean ± SD. IPAQ, International Physical Activity Questionnaire.
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of the predicted BMI variance. The clini-
cal characteristic based on categories of
BMI-diff in the KoGES cohort showed
similar patterns as in the UK Biobank
(Supplementary Table 10), with the
higher quintile groups having higher
proportion of women and a higher pro-
portion of individuals with high-income
status.

There were 658 T2D incident cases dur-
ing the follow-up. The cumulative inci-
dences at 10 years was 9.76%, and the
incidence rate per 1,000 person-years was
10.44 (Supplementary Fig. 3). In the KoGES
cohort, the difference in T2D incidence
was even greater, with the 1st quintile of

BMI-diff having an incidence of 20.25 per
1,000 person-years compared with only
4.61 per 1,000 person-years in the 5th
quintile. The adjusted HR for the 1st quin-
tile was 3.05 (95% CI 1.67–5.58, P <
0.001). We observed a notable sex-based
divergence, with a significant trend ob-
served only among women. The adjusted
HR for the 1st quintile group was 4.02
(95% CI 1.59–10.13, P = 0.003), using the
5th quintile group as the reference.

Similar to the UK Biobank cohort, incor-
porating BMI-diff significantly improved
the predictive ability and reclassification
index in models with BMI (the Harrell
C-index from 0.618 [95% CI 0.599–0.637] to

0.641 [95% CI 0.620–0.662], P< 0.001; cat-
egory-free NRI 14.21% [95% CI 6.21–22.21],
P < 0.001) as well as selected clinical varia-
bles (the Harrell C-index from 0.669 [95% CI
0.649–0.689] to 0.682 [95% CI 0.662–0.702],
P = 0.002; category-free NRI 18.06% [95% CI
10.06–26.06], P< 0.001) (Supplementary
Table 11).

Characteristics Associated With
Discrepancy in BMI
Given the detailed glycemic phenotyping in
the KoGES cohort, we further investigated
the association between BMI-diff and the
indicators of insulin secretion and resis-
tance. We showed significant differences

Figure 1—Adjusted risk plots of cubic spline analysis of 10-year risk of T2D by discrepancy between measured and genetically BMI-pred in UK Bio-
bank (A) and KoGES Ansan-Ansung cohort (B). The shaded areas indicate the 95% CI.

Table 2—Risk of type 2 diabetes according to difference between genetically BMI-pred and measured BMI

UK Biobank cohort Event n/total N
IR (95% CI) per 1,000

patient-years
Unadjusted HR

(95% CI) P
Adjusted HR
(95% CI)* P

1st quintile of BMI-diff 1,758/23,024 8.06 (7.69–8.44) 8.96 (7.75–10.36) <0.001 1.61 (1.26–2.05) <0.001

2nd quintile of BMI-diff 881/23,024 3.96 (3.71–4.23) 4.38 (3.76–5.10) <0.001 1.48 (1.21–1.81) <0.001

3rd quintile of BMI-diff 477/23,024 2.13 (1.94–2.33) 2.35 (2.00–2.77) <0.001 1.09 (0.90–1.34) 0.383

4th quintile of BMI-diff 279/23,024 1.24 (1.10–1.39) 1.37 (1.14–1.64) 0.001 0.89 (0.73–1.10) 0.295

5th quintile of BMI-diff 204/23,023 0.91 (0.79–1.04) 1 (reference) — 1 (reference) —

KoGES Ansan/Ansung
cohort Event n/Total N

IR (95% CI) per 1,000
patient-years

Unadjusted HR
(95% CI) P

Adjusted HR
(95% CI)† P

1st quintile of BMI-diff 242/1,486 20.25 (17.86–22.97) 4.37 (3.29–5.81) <0.001 3.05 (1.67–5.58) <0.001

2nd quintile of BMI-diff 162/1,486 12.82 (10.99–14.95) 2.78 (2.06–3.75) <0.001 2.15 (1.36–3.42) 0.001

3rd quintile of BMI-diff 110/1,486 8.62 (7.15–10.39) 1.87 (1.37–2.57) <0.001 1.62 (1.08–2.44) 0.019

4th quintile of BMI-diff 85/1,486 6.60 (5.33–8.16) 1.43 (1.03–2.00) 0.034 1.36 (0.94–1.96) 0.103

5th quintile of BMI-diff 59/1,486 4.61 (3.57–5.95) 1 (reference) — 1 (reference) —

IR, incident rate. *Used multivariable Cox regression model including age, sex, and BMI as a continuous value, and enrollment center, Town-
send deprivation index, current smoking, moderate-to-vigorous physical activity, hypertension, dyslipidemia, genotype array, and genetic prin-
cipal components 1–10. †Used multivariable Cox regression model including age, sex, and BMI as a continuous value, and current smoking,
moderate-to-vigorous physical activity, hypertension, dyslipidemia, and genetic principal components 1–10.

1830 Genetically Predicted Versus Observed BMI on T2D Diabetes Care Volume 47, October 2024

D
ow

nloaded from
 http://diabetesjournals.org/care/article-pdf/47/10/1826/782702/dc240879.pdf by SEO

U
L N

ATIO
N

AL U
N

IV M
ED

 LIB user on 28 O
ctober 2024

https://doi.org/10.2337/figshare.26351821
https://doi.org/10.2337/figshare.26351821
https://doi.org/10.2337/figshare.26351821
https://doi.org/10.2337/figshare.26351821


in the Matsuda index and the disposition
index when individuals in the lower versus
higher BMI-diff quintile groups were com-
pared (Matsuda index, 8.5 ± 5.9 vs. 13.7 ±
7.8; disposition index, 85.8 ± 180.5 vs.
137.4 ± 318.7), indicating a decline in insu-
lin sensitivity among individuals with higher
BMI than genetically predicted (Table 3).
There were no differences in IGI60 across
the BMI-diff quintile groups.

Subgroup Analysis
The interactions between BMI-diff quin-
tiles and age by median, sex, smoking sta-
tus, hypertension, and dyslipidemia were
assessed (Supplementary Table 12). The
increase in T2D risk associated with BMI-
diff was more predominant in relatively
low-risk groups, such as younger age-groups,
women, non/former smokers, and those
without dyslipidemia. Statistically signifi-
cant interactions were observed in the
UK Biobank cohort for age-group, hyper-
tension, and dyslipidemia. Although simi-
lar trends were observed in the KoGES
cohort, they did not achieve statistical
significance due to insufficient statistical
power.

CONCLUSIONS

In the current study, we used data from
two nationwide biobanks, from U.K. and
South Korea, to investigate the discrep-
ancy between observed and genetically
BMI-pred on T2D risk. We found that in-
dividuals with a higher BMI than geneti-
cally predicted had an increased risk of
T2D regardless of their own BMI. Devia-
tion from genetically BMI-pred improved
the ability to predict and reclassify T2D
risk in both cohorts. We also showed
that a higher-than-predicted BMI was as-
sociated with a significant decline in an
estimate of insulin sensitivity and that
the adverse impact of discrepant BMI on

glycemic outcomes was more likely to be
relevant in women from East Asia.

The intricate relationship between
T2D and weight gain, coupled with sub-
sequent excessive fat accumulation in
nonadipose tissue, such as the liver and
pancreas, is widely acknowledged (6).
However, a notable proportion of indi-
viduals newly diagnosed with T2D do not
have obesity (22), highlighting the sub-
stantial variability in individual suscepti-
bility to T2D, regardless of the extent of
fat deposition within nonadipose tissues
(23). In general, in cases of T2D with a
normal BMI, rapid b-cell failure is sug-
gested as the major pathophysiology
rather than insulin resistance (24). How-
ever, there are genetic conditions, such
as lipodystrophy, where severe insulin
resistance can lead to diabetes, even at
low BMI levels (25). In addition, the
higher prevalence of T2D in men without
obesity and those of Asian ethnicity im-
plies distinct genetic predisposition to
T2D (24). Currently, there is limited un-
derstanding of how these genotype-phe-
notype discordance in BMI might affect
the risk of developing T2D. Our data sug-
gest that deviation of BMI from a personal
set point could be a novel precision
marker for incident T2D.

Notably, the observed association in
our study results remained significant
even after adjusting for individual BMI
levels. This suggests that the deviation
from genetically determined BMI might
hold closer relevance to the underlying
pathophysiology driving T2D beyond the
mere BMI measurements themselves.
This observation is in line with the personal
fat threshold hypothesis, postulating that
each individual possesses a distinct set
point of personal fat; even among individu-
als with normal body weights, achieving
weight reduction below a certain threshold
could culminate in T2D remission (5).

However, interpreting the associations ob-
served in this study requires caution due
to pleiotropy. BMI-diff as well as PRS for
BMI encompasses genetic variations re-
lated to various BMI-related traits, which
may lead to associations with T2D. Mul-
tiomic profiling of individuals with ex-
treme differences between genetically
predicted and observed BMI may further
elucidate the mechanisms behind the as-
sociation between obesity and T2D risk
and help tailor therapeutic interventions.

We observed a substantial decrease in
the insulin sensitivity among participants
whose actual BMI exceeded their geneti-
cally BMI-pred. Those who had higher
BMI than genetically predicted might not
have had a sufficient compensatory in-
crease in b-cell function to compensate
for the marked decrease in insulin sensi-
tivity. The interaction between the ex-
tent of insulin resistance and the level of
b-cell function could contribute to the
diverse spectrum of T2D presentations,
especially within individuals without obe-
sity (26). Our results imply the possibility
that the discrepancy between an individ-
ual’s genetically BMI-pred and observed
BMI may be more closely associated with
environmental factors, diet-related ac-
tions of the central nervous system, or
peripheral energy expenditure than with
the BMI itself. Therefore, our findings
could provide a basis for further research
on the underlying pathophysiology of T2D
and its remission after tailored weight
reduction.

The increase in T2D risk due to BMI-diff
is not independent of the influence of vari-
ous other confounding factors involved in
T2D risk. Notably, our subgroup analysis
showed that the impact of BMI-diff was
more pronounced in relatively low-risk
groups. In contrast, the increase in T2D
risk due to BMI-diff was attenuated in cur-
rent smokers and in individuals with

Table 3—Parameters of insulin secretion and resistance in KoGES Ansan/Ansung cohort

1st quintile of
BMI-diff

(n = 1,486)

2nd quintile of
BMI-diff

(n = 1,486)

3rd quintile of
BMI-diff

(n = 1,486)

4th quintile of
BMI-diff

(n = 1,486)

5th quintile of
BMI-diff

(n = 1,486) P

Matsuda index
(composite insulin
sensitivity index)

8.5 ± 5.9 9.8 ± 6.3 10.9 ± 6.7 11.9 ± 7.2 13.7 ± 7.8 <0.001

IGI60 12.5 ± 17.4 12.9 ± 24.9 13.4 ± 23.7 13.4 ± 23.6 11.9 ± 23.8 0.45

Disposition index (IGI60 ×
Matsuda index)

85.8 ± 180.5 105.2 ± 247.3 123.9 ± 265.3 139.8 ± 285.0 137.4 ± 318.7 <0.001

Data are presented as the mean ± SD.
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hypertension or dyslipidemia, particularly
in the UK Biobank cohort. Therefore, devi-
ation from the genetically BMI-pred may
be more useful in assessing T2D risk pri-
marily in younger, low-risk populations.

Although the results were generally
consistent across Europeans and East
Asians in this study, there were differences
in the characteristics of two populations.
Notably, in the East Asian population, a sig-
nificant association between the discrep-
ancy and T2D risk was solely observed
among women. Given the predominant
normal range of BMI among East Asian
women (27), this result may offer an im-
portant clue in understanding the mecha-
nisms driving T2D development within this
subset. Meanwhile, the distribution of
measured BMI by sex in our study differed
between the European and East Asian
populations (in UK Biobank: men 27.5 ±
3.8 kg/m2 and women 26.6 ± 4.5 kg/m2;
in KoGES: men 24.2 ± 2.9 kg/m2 and
women 24.7 ± 3.1 kg/m2). Therefore, the
sex difference might be partly influenced
by the fact that the model used to esti-
mate genetically BMI-pred was not opti-
mized for each sex separately. Because
East Asians tend to develop T2D with
lesser weight gain (28), even a modest
weight gain could significantly affect T2D
development. Given the relatively narrow
range of BMI distribution in East Asians
compared with Europeans, an approach
with a personalized threshold of BMI rather
than a universal cutoff value should be em-
phasized. Furthermore, our results should
be validated in populations with diverse
ethnic backgrounds, such as Hispanic, Afri-
can, and South Asian groups, which have
distinct genetic characteristics compared
with the populations used in this study.

Clinical Implications
Based on our results, we could include
deviation from genetically BMI-pred as a
novel predictor to reclassify the future
risk of T2D. Interventions targeting this
deviation may potentially prevent the
onset of T2D. Excessive weight loss at-
tempts in individuals with obesity might
not only have low success rates but could
also reduce the likelihood of maintaining
the weight loss (29). Moreover, the clinical
significance of weight loss or lifestyle mod-
ifications in populations without obesity is
often overlooked (5). Thus, maintaining
lifestyle in line with one’s personalized
BMI threshold, whether in overweight or

normal-weight populations, could lead to
favorable long-term metabolic outcomes.
Although this concept requires clinical vali-
dation, it holds potential to inform clinical
practice for weight loss and the prevention
and treatment of T2D. On the other hand,
the significance of BMI-diff and its patho-
physiologic mechanisms in the develop-
ment of T2D in individuals with normal or
low genetically BMI-pred should also be
investigated.

Study Limitations
Several limitations should be discussed.
First, as an observational study, the results
should not be interpreted as establishing
a causal relationship. Although we provide
consistent evidence in two independent
data sets that higher than genetically
BMI-pred is associated with increased T2D
risk, it is possible that reverse causation or
selection bias influence our results. Fur-
thermore, the results should be interpreted
with caution considering the possible effect
of pleiotropy. Second, it is possible that
additional anthropometric measurements,
such as central obesity or muscle mass,
could influence our results. Third, although
we tried to adjust for numerous potential
confounding factors, there may be un-
measured or residual confounding factors.

Conclusion
Our data provide evidence that the dis-
crepancy between genetically BMI-pred
and observed BMI is associated with in-
creased T2D risk and early glycemic alter-
ations. Our results offer valuable insights
into genetic susceptibility to T2D and un-
derscore the significance of genetically
determined fat threshold in individuals’
risk for metabolic disorders.
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