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Abstract

Little is known about the population-based mismatch between phenotypic and genetic BMI
(BMI-PGM) and its association with type 2 diabetes. We therefore used data from the China
Kadoorie Biobank and UK Biobank and calculated BMI-PGM for each participant as the
difference between the percentile for adjusted BMI at baseline and the percentile for adjusted
polygenic risk score for BMI. Participants were categorized into discordantly low (BMI-
PGMc<the 1% quartile), concordant (the 1% quartile <BMI-PGM<the 3" quartile), and
discordantly high (BMI-PGM=>the 3" quartile) groups. We calculated adjusted hazard ratios
(aHRs) for the association of BMI-PGM and type 2 diabetes using Cox proportional hazard
models in each cohort, and combined HRs using random-effects meta-analyses. During a
median follow-up of 12 years for both cohorts, BMI-PGM was associated with the risk of
type 2 diabetes, with the discordantly low group showing reduced risk and the discordantly
high group showing elevated risk compared to the concordant group, independent of BMI and
other conventional risk factors. In addition, normal-weight individuals with discordantly high
BMI-PGM faced a higher risk of type 2 diabetes than overweight individuals. These findings
suggest that BMI-PGM may play a potential role in reassessing the risk of type 2 diabetes,

particularly among normal-weight populations.

Article Highlights

® Social developments have fostered an "obesogenic environment" that exacerbated
phenotypic vs. genetic mismatch of BMI (BMI-PGM) and the risk of type 2 diabetes.

® The study quantified BMI-PGM and examined its association with type 2 diabetes.
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The risk of type 2 diabetes was lower in discordantly low BMI-PGM group and higher in

discordantly high BMI-PGM group, with concordant BMI-PGM group as reference.

These findings indicate the potential to reassess type 2 diabetes risk by quantifying the

mismatch between phenotypic and genetic BMI on individual levels.
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Introduction

Diabetes is now a growing concern worldwide. The International Diabetes Federation
estimated that the global prevalence of diabetes reached 10.5% in 2021, and deaths attributed
to diabetes and its complications accounted for 12.2% of all-cause deaths (1). Obesity has
been widely recognized as a strong risk factor for developing type 2 diabetes (2). A global
burden of disease study on type 2 diabetes in 2019 reported that the portion of disability-
adjusted life years (DALYSs) attributable to high body mass index (BMI) in type 2 diabetes

was 51.9%, much higher than other risk factors (3).

BMI is a complex trait influenced by genetics and environment. Polygenic risk score for BMI
(BMI-PRS) has been widely used to measure the genetic susceptibility to BMI (4, 5).
However, PRS among unrelated individuals only predicts up to 8.5% of the variance in BMI
(6). There is also a large portion of BMI’s variance that cannot be explained by genetics,
which causes a mismatch between phenotypic BMI and genetic BMI. Such mismatch is likely
due to environmental factors and the potential interactions between environmental factors and
genetics. In the past century, social and economic developments have fostered an "obesogenic
environment" likely to have exacerbated this mismatch, such as the low cost of fast food and
less physical activity (7). Given the increasing disease burden of obesity and type 2 diabetes,
it is necessary to quantify this mismatch and explore the relationship between the mismatch

and type 2 diabetes.
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In the present study, we use data from the China Kadoorie Biobank (CKB) and the UK
Biobank (UKB) to generate a new variable called “BMI-PGM” based on BMI and BMI-PRS,
which quantitatively reflects one’s mismatch of phenotypic vs. genetic BMI. We aim to
explore the sociodemographic characteristics and lifestyle that may be associated with BMI-
PGM and examine its association with the risk of incident type 2 diabetes in the two

populations.

Research Design and Methods
Study participants in CKB and UKB

In CKB, 512723 participants aged 30-79 years, with written informed consent, were
recruited from five urban and five rural areas in China during 2004-2008. The participants
completed the questionnaires including sociodemographic characteristics, lifestyle, and
personal and family medical history, underwent comprehensive physical examination, and
provided biological samples for genotyping. Ethics approvals were obtained from the ethical
committee and research council of the Chinese Center for Disease Control and Prevention
(Beijing, China) and the Oxford Tropical Research Ethics Committee at the University of

Oxford (Cambridge, UK). More details of the CKB could be found elsewhere (8, 9).

UKB is a large prospective cohort of 502 628 participants aged 40-69 years recruited from 22
centres in the UK between 2006 and 2010 (10). Participants provided written informed
consent and underwent a series of sociodemographic, physical, and medical assessments.

UKB followed the Declaration of Helsinki guidelines and obtained ethical approvals from the
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North West Multi-Centre Research Ethics Committee (Manchester, UK) and the NHS
National Research Ethics Service. The present study was conducted under Application

Number 86473 of the UKB data resource.

In CKB and UKB, we conducted cross-sectional analyses of the BMI-PGM distribution and
its risk factors among the participants who were genotyped and with valid BMI
measurements in the testing set (Supplementary Fig. 1). In the prospective analysis of the
association between BMI-PGM and type 2 diabetes, we further excluded patients with
diabetes at baseline (self-reported diabetes, fasting blood glucose >7.0mmol/l, or random
blood glucose >11.0mmol/l in CKB; self-reported diabetes, glycated hemoglobin >6.5%
(48.0mmol/mol) (11), or those with the date of developing diabetes [ICD-10: E10-E14, 024]

before the date of attending the centres in UKB).

BMI in CKB and UKB

Anthropometric measurements in CKB and UKB were conducted by trained investigators
following their respective standard procedures. Standing height was measured by
stadiometers (CKB: Unknown; UKB: Seca 202, Seca Inc., Hamburg, Germany) and weight
was measured by body composition analyzers (CKB: TANITATBF-300 GS, Tanita Inc.,
Tokyo, Japan; UKB: Tanita BC-418 MA, Tanita Inc., Tokyo, Japan). BMI was calculated as

measured weight in kilograms divided by the standing height in meters squared (kg/m?).
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BMI-PRS in CKB and UKB

Before calculating BMI-PRS for CKB, quality control (QC) was conducted for SNPs and
samples, and the remaining participants were divided into a training set (N = 22 177) and a
testing set (N = 64 029). GWAS summary statistics of BMI from BioBank Japan (BBJ) and
Genetic Investigation of ANthropometric Traits (GIANT) were chosen as the base data 1 and
base data 2, respectively (12, 13). Three methods were used to compute BMI-PRS: (1) Using
PRSice-2 and base data 1; (2) Using PRS-CS and base data 1; (3) Using PRS-CSx, base data
1, and base data 2 (PRS-CSx can utilize multi-ancestry GWAS data to enhance the
performance of PRS (14). BMI-PRS generated by PRS-CSx performed best (R* = 0.058,
Supplementary Table 1) in the training set. Subsequent analyses were conducted in the testing
set using BMI-PRS calculated by this method. UKB has generated PRS for 28 diseases and
25 quantitative traits including BMI. Following QC of the genetic variants and samples, UKB
conducted a meta-analysis of the phenotypes' pre-existing GWAS and generated centred and
standardized PRS for the corresponding phenotype using Bayesian regression and Khera et
al.'s approach (15). The process for calculating PRS can be found elsewhere (16). In this
study, we retrieved the standard PRS for BMI and conducted further analyses in UKB’s
testing set of 104 592 participants. Details on the genotyping data for CKB and UKB, and the
construction of BMI-PRS in CKB, are provided in the Supplementary Methods section of the

Supplementary Materials.

6/38



BMI-PGM in CKB and UKB

Previous studies reported different methods to assess discrepancies between phenotype and
genotype (17, 18). We attempted a novel approach in the present study. Participants with
missing BMI from the testing sets of CKB and UKB were excluded, leaving 64 028 and 102
514 participants in each cohort. A linear regression was performed in both the two cohorts
with BMI as the dependent variable and age, age squared, sex, study area, and their
interaction terms as independent variables, i.e.,

BMI=Bo+B; Age+B,Age’+B:Sex+B,Study  Area+Bs(AgexSex)+Bs(AgexStudy  Area)+p;
(Age*xSex)+Bs(Age’xStudy  Area)+Po(SexxStudy  Area)+Bio(AgexSexxStudy Area)+Bu
(Age*xSexxStudy Area)+e.

The residuals from this model represented the variance of individuals’ BMI with age, age
squared, sex, study area, and their interactions adjusted. Again, we ran a linear regression in
both the two cohorts with BMI-PRS as the dependent variable and the first ten genetic
principal components (PCs), batch, study area, and their interaction terms as independent

variables, i.e.,

BMI-PRS:B()'FZ:L BiPCi+[311Batch+BuStudy Area+zi1°:1 B13+1(PC1XBatCh)+Zi10:1 B23+1(PC1X Stlldy

Area)+Bs4(BatchxStudy Area)+Y )2, Bas+(PCixBatchxStudy Area)+e.

The residuals from this model represented the variance of individual’s BMI-PRS with 10
PCs, batch, study area, and their interactions adjusted. Ultimately, the value of individual's
BMI-PGM was generated by subtracting the percentile of residual for BMI-PRS from the

percentile of residual for BMI.
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The range of BMI-PGM in both CKB and UKB was (-100, 100) (Supplementary Fig. 2). A
positive value indicated that the individual's actual BMI ranked higher than the BMI-PRS
ranked, while a negative value was the opposite. We categorized participants into three
groups according to BMI-PGM quartiles: discordantly low (BMI-PGM<the 1* quartile),
concordant (the 1% quartile<BMI-PGM<the 3™ quartile), and discordantly high (BMI-

PGM=>the 3" quartile). The concordant group was defined as the reference group.

Ascertainment of incident type 2 diabetes events in CKB and UKB

Incident cases of type 2 diabetes in CKB were identified by linking with local disease and
death registries, with health insurance databases, and by active follow-up until 21 December
2018. In UKB, they were identified using the first occurrences of disease via linkage with the
Hospital Episode Statistics of England (up to 30 September 2021), Scottish Morbidity Record
of Scotland (up to 31 July 2021), Patients Episode Database of Wales (up to 28 February
2018), and the death cause registry records from the National Health Service (NHS)
Information Centre (England and Wales, up to 30 November 2022) and the NHS Central
Register, National Records of Scotland (Scotland, up to 30 November 2022). ICD-10 was

used to define type 2 diabetes (E11) in both CKB and UKB.

Other covariates in CKB and UKB

When analyzing the risk factors of BMI-PGM, we adjusted for covariates including personal

history of hypertension, cardiovascular diseases (CVD), respiratory diseases (including
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chronic obstructive pulmonary disease, pulmonary emphysema, chronic bronchitis,
tuberculosis, and asthma), cancer, and diabetes (see Supplementary Table 2 for definitions of
the history of different diseases). In examining the association between BMI-PGM and type 2
diabetes, we considered sociodemographic characteristics, lifestyle behaviors, family history
of diabetes (yes, no), and BMI (continuous) as covariates. Sociodemographic characteristics
included age (continuous), sex (men, women), urban-rural status (urban, rural), education
(low, medium, high), and household income (low, medium, high). Lifestyle behaviors
included smoking status (never, previous, current), alcohol consumption (never, previous,
current), physical activity (divided into four groups based on quartiles of sex-specific
metabolic equivalent tasks), sedentary duration(divided into three groups based on tertiles),
dietary habits (healthy, unhealthy, which were adapted from the American Heart Association
Guidelines (19), and sleep duration (<7h, 7-9h, >9h). Education, household income, and the
variables related to dietary habits were evaluated differently between the questionnaires of
CKB and UKB but harmonized in a reasonably uniform way, as shown in Supplementary
Table 2. The proportions of missing data in CKB and UKB for covariates were 0% and <7%.
Continuous and categorical covariates in UKB were imputed using predictive mean matching

or logistic regression, respectively.

Statistical analysis

Baseline characteristics of included participants were represented by BMI-PGM groups, with
mean (SD) for normally distributed continuous variables, median, tertiles, or IQR for non-

normally distributed continuous variables, and n (%) for categorical variables. Pearson
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correlation coefficients assessed the relationships between BMI, BMI-PRS, and BMI-PGM.
After categorizing the CKB and UKB participants according to the corresponding BMI cut-
offs defining underweight, normal weight, overweight and obese (<18.5, 18.5~23.9,
24.0~27.9, and >28.0kg/m? for CKB; <18.5, 18.5~24.9, 25.0~29.9, and >30.0kg/m? for UKB)
(20, 21), the proportions of three BMI-PGM groups within each BMI category were
calculated. A multiple linear regression model with BMI-PGM as the dependent variable was
used to identify sociodemographic characteristics and lifestyle behaviors associated with
BMI-PGM. The model adjusted for personal history of hypertension, CVD, respiratory
diseases, cancer, and diabetes. Variance inflation factors (VIF) confirmed the absence of

collinearity among independent variables, with all VIF values below 2.0 in both cohorts.

After excluding participants with diabetes at baseline from CKB and UKB, Kaplan—Meier
curves were plotted, and the log-rank test was used to compare the cumulative risks of
developing type 2 diabetes between different BMI-PGM groups. Cox proportional hazards
regression models were used to evaluate the hazard risk of incident type 2 diabetes related to
BMI-PGM (per SD increase, and the discordantly low/high group vs. the concordant group).
The Cox models, with age as the time scale, were stratified by age at risk (five-year bands in
CKB and UKB) and study areas (ten groups in CKB and 22 groups in UKB). Four models
were stepwise adjusted. Model 1 adjusted for sex, education, and household income; model 2
additionally adjusted for smoking status, alcohol consumption, physical activity, sedentary
duration, dietary habits, and sleep duration; model 3 included family history of diabetes; and

model 4 further adjusted for BMI (as a continuous variable). Restricted cubic spline curves of

10,38



adjusted hazard ratios (aHRs) with 95% confidence intervals (CIs) from model 4 were plotted
to visualize the association between BMI-PGM and incident risk of type 2 diabetes. Analyses
were also stratified by BMI categories and tertiles of BMI-PRS and followed the adjustments
in Model 4. The interaction between sociodemographic characteristics, lifestyle behaviors,
and BMI-PGM groups on the risk of type 2 diabetes was further examined through
likelihood-ratio tests, contrasting models with and without cross-product interaction terms.
Subgroup analyses were also conducted for these characteristics, with the same covariates as
model 4 adjusted. Schoenfeld residuals were used to evaluate the proportional hazard

assumptions, and no apparent violation was found.

Meta-analyses of model 4’s hazard ratios (HRs) for BMI-PGM (per SD increase) and BMI-
PGM groups on type 2 diabetes risk in CKB and UKB were performed using random effect
model. Heterogeneity was assessed using the Q statistic and inconsistency using I°
Sensitivity analyses were performed by excluding participants with fewer than two 2 years of
follow-up, as well as those with cancer or respiratory disease at baseline, respectively. To
assess the association's robustness between BMI-PGM and type 2 diabetes under different
classifications of BMI-PGM, it was additionally grouped using tertiles and the 1% and 4"
quintiles as cut-off values, respectively. All analyses were conducted using R 4.0.3. The level

of significance was set at a two-sided p-value <0.05.
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Data and Resource Availability

The datasets generated during and/or analyzed during the current study are available from the
corresponding author upon reasonable request. Details of how to access China Kadoorie

Biobank data and details of the data release schedule are available from www.ckbiobank.org/

site/Data+Access. UK Biobank data are available to all researchers for health-related

research. Data can be accessed through the Access Management System (details at

https://www.ukbiobank.ac.uk/enable-your-research/register.

Results

A total of 64 028 participants from CKB and 102 514 participants from UKB were included
in this study. Both in CKB and UKB, participants in the discordantly high BMI-PGM group
were more physically inactive, more overweight on average (CKB: 26.3kg/m? UKB: 30.9kg/
m?), and had a higher prevalence of hypertension, CVD, and diabetes (Table 1). Notably, in
CKB, individuals with high education and high household income were more prevalent in the
discordantly high BMI-PGM group, in contrast to UKB, where such individuals were more
commonly found in the discordantly low BMI-PGM group (Table 1). In UKB, more of the
discordantly low BMI-PGM group slept 7-9h, and more of the discordantly high BMI-PGM
group slept <7h or >9h, which was not obvious in CKB (Table 1). BMI-PGM values in both
cohorts increased progressively from negative to positive as BMI categories were
underweight, normal weight, overweight, and obese (Fig. 1C, 1D, 1E, and 1F). Concordant
BMI-PGM was observed in approximately half of the participants across different BMI

subgroups, with no individuals showing discordantly high BMI-PGM in the underweight
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category and only a few showing discordantly low BMI-PGM in the obese category (Fig. 1G

and 1H).

Sociodemographic characteristics and lifestyle behaviors associated with BMI-PGM

In Table 2, increasing age, current smoking, higher levels of physical activity, and less
frequent meat intake were negatively associated with BMI-PGM in both CKB and UKB.
Conversely, long sedentary duration was positively associated with BMI-PGM. In CKB, men,
rural residency, high household income, and frequent fresh fruit intake were associated with
higher BMI-PGM. In UKB, high education, current alcohol consumption, and 7-9 hours of

sleep duration were negatively associated with BMI-PGM, which differed from CKB.

BMI-PGM and the risk of incident type 2 diabetes

During a median follow-up of 12 years among 59 873 CKB and 94 398 UKB participants, 1
765 and 4 870 participants developed type 2 diabetes, respectively. Kaplan-Meier curves
showed that, compared to the concordant BMI-PGM group, the cumulative risk of type 2
diabetes onset was lower in the discordantly low BMI-PGM group and higher in the
discordantly high BMI-PGM group during the follow-up period in both cohorts (Fig. 2C &
2D). After adjusting for BMI and other conventional risk factors, a linear relationship
between BMI-PGM and the risk of developing type 2 diabetes was observed in CKB. In
contrast, UKB had a deceleration in the increase of morbidity risk as BMI-PGM reached 25
(Fig. 2A & 2B). With the same covariate adjustments, each SD increase in BMI-PGM

corresponded to an 18% higher risk of incident type 2 diabetes (Fig. 3). Relative to the
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concordant BMI-PGM group, the discordantly high BMI-PGM group exhibited a higher risk
of type 2 diabetes (HR [95% CIJ]: 1.22 [1.06-1.40]), while the discordantly low BMI-PGM
group showed a lower risk (HR [95% CI]: 0.77 [0.71-0.83])(Fig. 3). Risk estimates were
robust to different sensitivity analyses (Supplementary Table 5). Even among participants
with normal weight, the discordantly high BMI-PGM group was associated with a 1.36-fold
higher risk of type 2 diabetes compared with the concordant BMI-PGM group, while the
association was stronger in Chinese adults vs. UK adults (HRs [95%CI]: 1.40[1.11-1.79] vs.
1.01[0.50-2.06] in Fig. 3). Moreover, the increased risk of type 2 diabetes associated with
discordantly high BMI-PGM was more prominent among participants in the middle and
upper BMI-PRS tertiles (HRs [95%CI]: 1.27[1.14-1.42] and 1.34[1.18-1.53]) vs. the bottom
BMI-PRS tertile (HR [95% CI]: 1.12 [0.99-1.27]) (Fig. 3). In subgroup analyses in both
cohorts, most characteristics showed no interaction with BMI-PGM on the risk of type 2

diabetes (Supplementary Fig. 3 & 4).

Discussion

In the present study, we created a quantile-based score (BMI-PGM) quantitatively measuring
the deviation between one’s percentile of adjusted BMI and one’s percentile of adjusted BMI-
PRS among two ancestry populations. In either CKB or UKB participants, approximately half
of the individuals across different BMI categories were concordant for BMI-PGM, while
discordantly low and high BMI-PGM groups were more prevalent among the underweight

and the obese, respectively. Notably, BMI-PGM was associated with incident risk of type 2
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diabetes, independent of BMI and other conventional risk factors. Moreover, adults with

normal weight but discordantly high BMI-PGM had a higher incident risk of type 2 diabetes.

The thrifty gene hypothesis, first proposed by Neel et al.(22) in 1962, posits that "thrifty
genes" once conferred an evolutionary advantage by promoting fat storage and reducing fat
metabolism during times of famine, thereby enhancing survival. However, in the present day,
these genes have become a mismatch with our “toxic environment” characterized by
abundant food, reduced physical activity, and increasingly sedentary lifestyles, etc. (7, 23),
contributing to the rising prevalence of obesity and its complications. BMI-PGM offers a
novel approach to exploring the differences between phenotypic and genetic obesity. The
deviation of BMI from an individual’s genetic set point may serve as a new, precise marker

for obesity prevention and monitoring type 2 diabetes risk.

Our finding is consistent with the previous study (18), showing that even after adjusting for
BMI, the difference between phenotypic and genetic BMI remains associated with an
increased risk of type 2 diabetes in populations from different countries. This suggests that
the mismatch between phenotypic and genetic BMI may be linked to a distinct
pathophysiological mechanism underlying type 2 diabetes risk, independent of BMI itself.
Rhee et al.(18) found that among participants whose observed BMI exceeded their genetically
predicted BMI, there was a significant decline in insulin sensitivity that could not be
compensated by [-cell function. This suggests that the interaction between insulin resistance

and B-cell function might be one of the pathways mediating the relationship between BMI-
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PGM and type 2 diabetes. We also found that this association was more pronounced in
individuals with normal weight. Given that a significant proportion of newly diagnosed type
2 diabetes patients are not obese (24), BMI-PGM may have potential value in identifying
high-risk individuals within the normal-weight population. The association between BMI-
PGM and type 2 diabetes in CKB and UKB was similar to the relationship between BMI and
type 2 diabetes in native Chinese and other ethnicities (25). It was found that native Chinese
could achieve a similar incident rate of type 2 diabetes to other ethnicities at lower BMIs
(25). In both cohorts, most characteristics showed no interaction with BMI-PGM regarding
type 2 diabetes risk. However, in UKB, significant interactions were noted for alcohol
consumption and urban-rural status. A systematic review reported that moderate drinking
might reduce the risk of type 2 diabetes among non-Asian populations, which could partially
explain this result (26). Those living in rural areas had a higher risk of type 2 diabetes when
their BMI-PGM was discordantly high. This indicates a need for targeted policies in the UK
to encourage weight management among rural populations, preventing them from becoming

more obese than genetically predicted.

Our findings of the two cohorts support that low-frequency intake of red and processed meats
may move BMI-PGM in a more healthful direction. Previous studies have discovered that red
and processed meat intake was associated with central obesity (27). This kind of meat is
higher in saturated fatty acids, has a less thermogenic effect (28), and alters the microbiota of
the gut (29). The consistent direction of associations between physical activity, sedentary

duration, and BMI-PGM across both populations reinforces the important impact of these
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lifestyles on BMI. The World Health Organization advocates that adults should do at least
150-300 min of moderate-intensity aerobic physical activity or at least 75-150 min of
vigorous-intensity aerobic physical activity throughout the week (30). However, the levels of
physical activity in both the Chinese and British populations are not encouraging (31, 32).
The observed inverse trend between age and BMI-PGM may be partially related to the
decline in muscle mass with aging (33). Certain factors showed different directions of
association with BMI-PGM between the Chinese and British populations. Chinese men were
more likely to have higher BMI-PGM than women, whereas it was not observed in the UK.
This may stem from gender roles in Chinese society, where women often focus on domestic
responsibilities and men on career and social status, potentially giving men greater access to
food resources (34). Variations in urban-rural status, education, and household income's
influence on BMI-PGM align with existing evidence (35-38), highlighting different socio-
economic dynamics between developed and developing countries. In developed countries,
individuals with higher education and income typically consume healthier diets, whereas, in
developing countries, the same groups often have greater access to excess food. Moreover,
low-educated and low-income groups in developing countries typically engage in physically
demanding manual labor (39). The differing associations between fresh fruit intake frequency
and BMI-PGM may be attributed to China's high glycemic index staple foods like rice and
wheat (40), where increased fruit consumption might elevate glycemic load, thus increasing

BMI-PGM.
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This study has several strengths. The large sample size and comprehensive data collection of
CKB enabled us to construct BMI-PRS for Chinese. The extensive assessment of various
factors related to BMI and type 2 diabetes in CKB and UKB enabled reasonable sensitivity
and stratified analyses and adequate consideration of confounding factors. The similar results

from two different populations, partly validate the generalizability of the results.

However, several limitations should be considered. First, the possibility of reverse causality
and residual confounding cannot be completely ruled out, even though the sensitivity
analyses demonstrated the robustness of our results and the key confounding factors were
adjusted. Second, the data on sociodemographic characteristics and lifestyle was self-reported
in both CKB and UKB, which might cause measurement errors. Third, the follow-up data in
CKB did not include outpatient records. Given that type 2 diabetes patients with lower
severity are typically treated in outpatient and emergency settings, this may limit the
applicability of our findings to the estimation of associations. Fourth, in analyzing the
association between BMI-PGM and type 2 diabetes, we only adjusted for BMI at a single
time point, which may not fully account for the confounding effects of lifetime exposure to
high BMI or changes in BMI over time. Finally, the observed associations in this study
should be interpreted with caution. BMI-PRS aggregates various genetic variants linked to
BMI-related traits. So, the pleiotropy may lead to an overestimation of the association
between BMI-PGM and type 2 diabetes. Additionally, individuals with a significant
mismatch between phenotypic and genetic BMI may be influenced by monogenic variants or

extreme environmental factors. Although previous studies have explored the proteomic
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signature of BMI and other obesity-related biomarkers, such as fat mass ratio, in relation to
type 2 diabetes, further transcriptomic and proteomic analyses are needed to clarify the
biological mechanisms underlying individual obesity and the associated risk of type 2
diabetes. Although previous studies have explored the proteomic features of BMI and its
association with type 2 diabetes (41), as well as other obesity-related biomarkers such as fat
mass ratio (42), further transcriptome and proteome analyses are needed to elucidate the

biological mechanisms underlying the obesity and type 2 diabetes risk in these individuals.

Conclusions

In this study, BMI-PGM was generated for the Chinese and the British using BMI and BMI-
PRS to quantify the non-genetically explained variance of BMI and it showed a strong
association with type 2 diabetes. Monitoring one’s BMI-PGM might have the potential value
in precision prevention for type 2 diabetes, particularly in individuals with normal weight.
Various sociodemographic characteristics and lifestyle factors were found to be associated
with BMI-PGM. China and the UK need to implement targeted policies and interventions to
foster an "anti-obesogenic" environment and promote healthy lifestyles, reflecting the unique

characteristics of their respective populations.
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Tables

Table 1 Basic characteristics of the study participants in CKB and UKB by three BMI-PGM groups

CKB UKB
Discordantly Concordant Disco.rdantly p value Discordantly Concordant Disco‘rdantly p value
low high low high
NO. (%) 16 006 32014 16 008 25629 51 256 25629
Age, years 52.3 (10.6) 52.3 (10.6) 52.7 (10.6) <0.001 55.1(8.3) 55.3(8.3) 55.4(8.3) 0.001
Men (%) 62.3 61.3 60.7 0.010 41.4 45.7 45.4 <0.001
Rural (%) 49.3 49.3 49.3 0.999 9.7 9.9 9.1 0.004
Education level (%)" <0.001 <0.001
Low 48.5 47.3 48.1 18.4 21.2 24.2
Medium 44.7 45.3 44.0 38.8 40.5 42.0
High 6.8 7.3 7.9 42.8 38.3 33.8
Household income (%) <0.001 <0.001
Low 29.7 28.1 25.5 47.9 50.0 53.8
Medium 30.9 30.5 31.3 24.9 24.3 23.7
High 39.4 41.4 43.2 27.3 25.7 22.5
Smoking (%) <0.001 <0.001
Never 63.5 64.4 64.7 56.2 55.4 55.7
Previous 4.7 6.2 7.3 30.6 32.9 34.2
Current 31.8 29.4 28.0 13.2 11.7 10.0
Alcohol consumption (%) 0.001 <0.001
Never 46.3 46.1 46.6 8.1 8.6 10.8
Previous 3.7 3.6 4.3 3.9 3.9 4.7
Current 50.0 50.3 49.1 88.0 87.5 84.5
Physical activity (%) <0.001 <0.001



Q1
Q2
Q3
Q4
Sedentary duration (%)
Q1
Q2
Q3
Healthy dietary habits (%)’
Sleep hours (%)
<7
7-9
>9
Prevalent diseases
at baseline (%)*
Diabetes
Hypertension
CVD
Respiratory diseases
Cancer
BMI, kg/m?
BMI-PRS

24.0
23.9
25.4
26.7

18.6
49.8
31.6
91.5

24.0
60.0
16.0

5.0
27.2
4.6
10.7
0.6
21.5(2.3)
0.7 (0.7)

24.4
25.3
25.2
25.1

16.9
49.3
33.8
92.1

22.9
60.4
16.6

6.5
35.6
5.5
8.6
0.5

23.9 (3.4)

-0.0 (1.0)

26.1
26.4
24.4
23.1

15.8
49.0
35.2
92.5

22.3
61.3
16.4

8.0
44.9
6.2
7.8
0.5

<0.001

0.002
0.002

<0.001
<0.001
<0.001
<0.001
0.021

26.3(29)  <0.001
0.8(0.7)  <0.001

214
24.5
27.0
27.1

54.4
18.8
26.9
57.8

25.5
67.8
6.7

4.5
41.4
3.9
40.7
6.8
23.9 (2.5)
0.5 (0.8)

24.8
24.7
25.6
24.9

47.2
20.2
32.6
56.1

27.7
64.9
7.5

7.9
51.9
5.5
43.1
6.6
27.5 (4.7)
-0.1 (1.0)

28.7
24.0
24.2
23.1

41.3
20.9
37.8
55.8

30.2
61.4
8.4

11.4
62.0
6.9
47.4
6.9
30.9 (4.4)
-0.7 (0.8)

<0.001

<0.001
<0.001

<0.001
<0.001
<0.001
<0.001
0.337
<0.001
<0.001

" Education level and household income were evaluated differently between the questionnaires of CKB and UKB. We reclassified these

characteristics. The details of the classification were shown in the Supplementary Table 2.

TThe details of the definitions for healthy dietary habits in CKB and UKB were shown in the Supplementary Table 2.
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*The details of the definitions for different diseases were shown in the Supplementary Table 2.

CVD=cardiovascular diseases. BMI=body mass index. BMI-PRS=polygenic risk score for body mass index.
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Table 2 Regression coefficients () and 95% CI of the risk factors on BMI-PGM in CKB

and UKB
CKB UKB
B (95% CI)" p value B (95% CI)" p value

Age (years) -0.16 (-0.19, -0.12)  <0.001 -0.28 (-0.31,-0.26)  <0.001
Sex

Women Ref. Ref.

Men 3.16 (2.19, 4.12) <0.001 -0.02 (-0.47, 0.43) 0.930
Urban-rural status

Rural Ref. Ref.

Urban -2.66 (-3.38,-1.94)  <0.001 -0.13 (-0.86, 0.61) 0.736
Education level’

Low Ref. Ref.

Medium -0.70 (-1.36, -0.03) 0.041 -1.05 (-1.65, -0.44) <0.001

High 0.81 (-0.42, 2.04) 0.195 -4.05 (-4.69, -3.40) <0.001

p value for trend 0.910 <0.001
Household income’

Low Ref. Ref.

Medium 1.26 (0.52, 1.99) <0.001 0.31 (-0.25, 0.87) 0.275

High 2.01(1.26,2.77)  <0.001 0.06 (-0.52, 0.65) 0.840

p value for trend <0.001 0.820
Smoking status

Never Ref. Ref.

Previous 2.14 (0.75, 3.54) 0.003 1.39 (0.90, 1.87) <0.001

Current -4.56 (-5.54, -3.58)  <0.001 -5.34 (-6.06, -4.63)  <0.001
Alcohol consumption

Never Ref. Ref.

Previous 0.12 (-1.40, 1.64) 0.878 -1.52 (-2.82, -0.22) 0.022

Current -0.25 (-0.87, 0.38) 0.442 -2.85 (-3.64, -2.06) <0.001
Physical activity

Q1 Ref. Ref.

Q2 -0.02 (-0.80, 0.76) 0.956 -2.51 (-3.13, -1.89) <0.001

Q3 -1.16 (-1.98, -0.35) 0.005 -4.14 (-4.75, -3.52) <0.001

Q4 -2.72 (-3.58,-1.86)  <0.001 -4.81 (-5.43, -4.19) <0.001

p value for trend <0.001 <0.001
Sedentary duration

Q1 Ref. Ref.

Q2 1.99(1.22,2.76)  <0.001 4.53 (3.95, 5.11) <0.001

Q3 3.55 (2.71, 4.39) <0.001 6.78 (6.28, 7.28) <0.001

p value for trend <0.001 <0.001

Fresh vegetables intake"

Less frequent

Ref.

Ref.



Frequent

Fresh fruit intake’
Less frequent
Frequent

Fish intake’
Less frequent
Frequent

Meat intake'
Less frequent
Frequent

Sleep duration (h)
<7
7-9
>9
p value for trend

0.98 (-0.30, 2.27)

Ref.
2.71 (2.09, 3.33)

Ref.
0.48 (-0.18, 1.15)

~1.53 (-2.13, -0.92)
Ref.

Ref.
0.98 (0.31, 1.65)
0.80 (-0.09, 1.69)

0.135

<0.001

0.154

<0.001

0.004
0.079
0.051

0.04 (-1.14, 1.22)

Ref.
0.45 (-0.14, 1.05)

Ref.
-0.03 (-0.47, 0.41)

-3.01 (-4.37, -1.64)
Ref.

Ref.
-2.13 (-2.80, -1.82)
-0.01 (-0.90, 0.88)

0.946

0.135

0.888

<0.001

<0.001
0.975
<0.001

" Models adjusted for the history of diabetes, hypertension, cardiovascular diseases,

respiratory diseases and cancer at baseline.

" Education level, household income, fresh vegetables intake frequency, fresh fruit intake

frequency, fish intake frequency, and meat intake frequency were evaluated differently

between the questionnaires of CKB and UKB. We reclassified these characteristics. The

details of the classification were shown in the Supplementary Table 2.
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Figures Legend

Figure 1 Correlation between BMI and BMI-PRS, BMI and BMI-PGM, and

distribution of BMI-PGM by BMI in CKB and UKB

Panel (A) and Panel (B): Correlation between BMI and BMI-PRS in CKB (A) and UKB (B).
Panel (C) and Panel (D): Correlation between BMI and BMI-PGM in CKB (C) and UKB (D).
Panel (E) and Panel (F): Quartiles of BMI-PGM by BMI in CKB (E) and UKB (F). Panel (G)
and Panel (H): Proportions of BMI-PGM groups within each BMI category in CKB (G) and
UKB (H). In Panel (E) and Panel (G), the criteria for BMI classification in CKB was based
on that published by the Working Group on Obesity in China: <18.5 kg/m® for the
underweight category, 18.5-24.0 kg/m* for the normal weight category, 24.0-28.0 kg/m* for
the overweight category, and >28.0 kg/m” for the obese category. In Panel (F) and Panel (H),
the criteria for BMI classification in UKB was based on that published by the World Health
Organization: <20.0 kg/m* for the underweight category, 20.0-25.0 kg/m* for the normal
weight category, 25.0-30.0 kg/m? for the overweight category, and >30.0 kg/m” for the obese

category.

Figure 2 Results of the restricted cubic spline and Kaplan-Meier estimates for the

association between BMI-PGM and type 2 diabetes in CKB and UKB

Panel (A) and Panel (B): Restricted cubic spline plots for the association between BMI-PGM
and the risk of type 2 diabetes among CKB’s (A) and UKB’s (B) participants without
diabetes at baseline (CKB: n=59 873; UKB: n=94 398). Models, with age as the time scale,

were stratified by age at risk (five-year bands) and study areas (ten groups in CKB and 22



groups in UKB), and further adjusted for sex, education level, household income, smoking,
alcohol consumption, dietary habits, physical activity, sedentary duration, sleep duration, the
family history of diabetes, and BMI. The purple dashed line represents the line where the
point corresponding to BMI-PGM in the curve was located when HR=0. P values of
nonlinearity and significance of the association were described in the graph. Panel (C) and
Panel (D): Kaplan-Meier estimates of the risk of type 2 diabetes were shown in CKB’s (C)
and UKB’s (D), respectively (CKB: n=59 873; UKB: n=94 398). In each analysis,

participants with concordant BMI-PGM were taken as the reference group.

Figure 3 Adjusted hazard ratios for incident type 2 diabetes associated with BMI-PGM

in CKB and UKB

Adjusted hazard ratios were calculated among participants without diabetes at baseline
(CKB: n=59 873; UKB: n=94 398). Models, with concordant BMI-PGM group as the
reference and age as the time scale, were stratified by age at risk (five-year bands) and study
areas (ten groups in CKB and 22 groups in UKB), and further adjusted for sex, education
level, household income, smoking, alcohol consumption, dietary habits, physical activity,
sedentary duration, sleep duration, the family history of diabetes, and BMI. Incident rates
were per 1000 person-year. Weights were from random-effects meta-analyses. The criteria for
BMI classification in CKB was based on that published by the Working Group on Obesity in
China: <18.5 kg/m* for the underweight category, 18.5-24.0 kg/m* for the normal weight
category, 24.0-28.0 kg/m* for the overweight category, and >28.0 kg/m* for the obese

category. Due to the low number of type 2 diabetes events in the discordantly high group of
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people with underweight and the discordantly low group of people with obesity in the CKB
and UKB, HR values could not be calculated, so only the HRs of the normal-weight and

overweight individuals were shown.
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Figure 1
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Figure 2
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