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Abstract

Assessment of Protein-Based Scores for Obesity Phenotypes in Predicting Major Adverse
Cardiovascular Events and Type 2 Diabetes Across Ethnic Groups

By Megha Patel

Protein-predicted scores (PPS) for body mass index (BMI), body fat percentage (BFP), and
waist-to-hip ratio (WHR) are associated with incident major adverse cardiovascular events
(MACE) and type 2 diabetes (T2D). However, the performance of the proteomic signatures has
not been compared across ethnic groups. This thesis evaluated three obesity-related PPS,
derived using LASSO regression from plasma proteomics data in UK Biobank participants, in
relation to incident MACE and T2D among 31,167 participants, including 29,945 White, 766
Black, and 456 South Asian individuals. The associations were estimated using Fine and Gray
competing risk models across adjusted models. Performance was assessed using C statistics in
the overall cohort and ethnic-stratified subgroups. All three PPS were significantly associated
with incident MACE in models adjusting for age, sex, and measured obesity, with associations
attenuating after clinical adjustment. All scores were independently associated with incident
T2D across all adjustment models. PPSwur showed the most consistent associations for MACE
and T2D. The combined PPS model including only age, sex and smoking had a C statistic of 0.68
for MACE, comparable to the PREVENT equation (0.69). For T2D, the C statistic of 0.77 was
below the clinical model at 0.81. The associations and predictive performance of all models were
more robust in White participants. PPSwur was significantly associated with T2D in South Asian
participants. C statistics for T2D were lower in Black (0.73) and South Asian (0.73) compared to
White participants (0.79). These findings highlight the need to develop and validate proteomic
risk tools in ethnically diverse cohorts.
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Abbreviation
ASCVD

BFP
BMI
CAD
CvV
CVD
IHD
MACE
MI
NE
PPS
SA
SES
T2D
UKB
VAT
WC
WHR

Meaning

Atherosclerotic Cardiovascular Disease
Body Fat Percentage

Body Mass Index

Coronary Artery Disease
Cardiovascular

Cardiovascular Death

Ischemic Heart Disease

Major Adverse Cardiovascular Events
Myocardial Infarction

Northern European

Protein Predicted Score

South Asian

Socioeconomic Status

Type 2 Diabetes

UK Biobank

Visceral Adipose Tissue

Waist Circumference

Waist to Hip Ratio
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Literature Review

Obesity

Obesity is a condition that has been more thoroughly studied recently. Its definition and diagnosis have
relied predominantly on BMI. However, BMI does not distinguish between fat and fat-free mass, making
it an imprecise proxy for adiposity.' This is more apparent at the upper and lower ranges of BMI, where
its accuracy for body composition is limited.? Research sought to address inadequacies by redefining
obesity as a chronic systemic illness characterized by excess adiposity that causes alterations in function
of tissues and organs. In clinical practice, BMI is useful as a screening tool, but elevated values should be

confirmed through additional measures, such as addition of WC as an assessment of central adiposity.*

The limitations of BMI are more apparent in diverse populations, as these measures were originally
derived from a sample of White, middle-aged European men.* Anthropometric measures of central
adiposity, including WC and WHR are more strongly associated with CVD risk than BMI, as they capture
ectopic body fat deposition.” WHR has been shown to be a better predictor of CVD when compared to
BMI and WC, but this does not apply to Northern European women.> These disparities are compounded
by ethnic and racial differences in body composition. At equivalent BMI values, individuals of different

ethnic backgrounds exhibit significant variation in total and regional lean mass.®

These differences are more pronounced in SA and Black populations. SA individuals accumulate greater
visceral and subcutaneous abdominal and thigh fat when compared to Europeans, after accounting for
lean mass and body frame size.” These fat depots exert independent effects on cardiometabolic risk, and
this impact appears to be greater in SA individuals than in Europeans.® These findings highlight that BMI
underestimates cardiometabolic risk in SA populations and that ethnic differences in fat distribution

remain unaccounted for by conventional BMI-based assessments.’

Characterization of adiposity in populations with lower obesity and overweight rates, such as Asian

groups, is critical for improving definition and prediction of T2D.!° Imaging-based assessments have
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emerged as important non-invasive measures capable of capturing these ethnic differences in fat
distribution with greater precision than anthropometric measures alone.’ These considerations highlight
the need for a revised framing beyond BMI and towards central adiposity measures and ethnic-specific

thresholds to reflect risk across diverse populations.

Anthropometric Measures

Accurate measurement of adiposity is important for the assessment of cardiometabolic risk. These tools
are most used in clinical and research settings, but they have limitations when applied across different
populations. The validity of BMI as an anthropometric measure is questioned, as it is derived from a
European population.* At equivalent BMI values, individuals differ in total body fat, fat distribution, and

lean mass that is not captured by BML.

Two-dimensional digital imaging technologies have demonstrated high validity in estimating adiposity
measurements and offer an accessible alternative to more resource-intensive technologies.!! Visceral
adipose tissue (VAT) has emerged as an important predictor of CVD risk, reflecting the role of central
and ectopic fat distribution in driving insulin resistance and cardiometabolic disease.'? Current BMI
cutoffs fail to predict the presence of cardiovascular risk factors accurately in diverse populations,

meaning individuals at elevated risk are unidentified when BMI is used as the primary screening tool.!?

Revisions of ethnic-specific BMI cutoffs are needed.'* Evidence demonstrates that SA, Black, Chinese
and other NE populations exhibit greater cardiometabolic risk at lower BMI thresholds than those used in
clinical guidelines. Incorporating measures of central adiposity alongside BMI is an important area to

explore for more accurate risk stratification across ethnic groups.

Limitations of BMI and Universal Cutpoints

Obesity is recognized as a complex public health problem with significant racial disparities.'* The current

thresholds of 25 kg/m? for overweight and 30 kg/m? for obesity do not reflect the heterogeneity in fat
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distribution and metabolic risk that exists across ethnic groups.'® Although obesity is recognized as a

problem with racial disparities, the tools used to diagnose it are poorly calibrated.'

Among African American men, WHR has been shown to overestimate trunk fat, with the overestimation
being greatest among individuals at the lower end of the BMI distribution.'® African American men and
women have significantly lower percent body fat per BMI unit compared to European Americans,
suggesting that they have different body compositions than their counterparts.'® Applying a single BMI
threshold across racial groups introduces systematic misclassification that overestimates and

underestimates adiposity.

Across ethnic groups, measures of central obesity are more strongly associated with CVD risk than BMIL.>

These measures better reflect the distribution of metabolically active visceral and ectopic fat that drives
cardiometabolic disease pathways.!” This is important when considering individuals from non-European
backgrounds may present with significant visceral adiposity and elevated cardiometabolic risk at BMI

levels that fall within the defined normal range.

Ethnic Specific Risks

Racial and ethnic disparities in obesity-related CVD mortality are established, but the mechanisms
underlying these disparities are inadequately captured by conventional risk assessment tools. Among
United States adults, Black individuals carry the highest age-adjusted obesity-related cardiovascular
mortality, while Asian Pacific Islander individuals have the lowest.'* Black adults are more likely to die
of CVD compared to their white counterparts, which is further compounded by higher prevalence of
obesity among African Americans.'® This is exacerbated by African Americans facing greater

socioeconomic burdens including food insecurity and structural barriers to healthcare access."

These disparities are not limited to Black populations. SA individuals represent a group that
underestimates cardiometabolic risk. The MASALA study demonstrated that SA individuals with normal

BMI exhibited metabolic abnormalities comparable to those in other racial and ethnic groups with higher



BMI values.? This finding is consistent with evidence showing that SA have increased risk of T2D, IHD,
and heart failure compared to Europeans, despite having lower levels of traditional cardiovascular risk

factors.?! Greater insulin resistance in SA populations is considered a key driver of this excess risk.?!

Emerging proteomic evidence supports the existence of ethnicity-specific biological signatures of
adiposity and cardiometabolic risk. Proteomic analyses of multiethnic populations have demonstrated that
BMI and WC associated protein signatures are strongly correlated across these groups, with findings
replicated in a cohort comprising of White and African American adults.”> A study reported that more
than 80% of proteins associated with BMI in Asian populations have been shown to overlap with those
identified in European populations, suggesting shared biological pathways of adiposity-related risk across
ethnic groups.?? More broadly, proteomic analyses in diverse populations have improved risk prediction
for T2D*, and BMlI-related proteomic signatures have been associated with future T2D risk independent

of conventional anthropometric measures and genetic susceptibility.?*

Social Determinants

The relationship between SES and obesity is well established, but the pathways through which social and
structural factors impact adiposity and cardiometabolic risk are less characterized. SES is a key
determinant of obesity prevalence and severity, with lower SES associated with higher rates of obesity
across racial and ethnic groups.” Advancing the understanding of these relationships requires approaches

that distinguish lean from fat mass and can enhance the precision of body composition measurements.?

Neighborhood environments represent one of the most important pathways linking SES to obesity. The
built and social environment is correlated with obesity risk.?® These influences operate in tandem with
race and ethnicity, leading to a cumulative disadvantage across the life course. Structural racism shapes
neighborhood conditions to which minoritized populations are exposed and contributes to persistent

disparities in obesity prevalence and cardiometabolic outcomes.



vi

The interaction between different dimensions of SES and health behavior complicates efforts to address
obesity disparities. Behavioral interventions for weight management are less effective in ethnic minority
and low SES populations, with evidence of less weight loss and greater rebound weight gain compared to
White and higher SES participants.?’” Understanding the causal pathways through which socioeconomic
conditions exert effects on adiposity and cardiometabolic risk is essential for the development of

interventions that are equitable.”

Proteomics and Novel Biomarkers

The limitations of anthropometric measures in capturing cardiometabolic risk across diverse populations
have increased interest in proteomic approaches as more precise tools for risk assessment. Proteins reflect
a broad range of physiological processes and have been shown to be more strongly associated with
cardiometabolic risk factors than anthropometric measures alone.?? Proteomic signatures are capable of
distinguishing between metabolically healthy and unhealthy obesity and has important implications for
identifying individuals at elevated risk despite apparently normal body weight.?> BMI associated proteins
have been shown to correlate with total body fat mass, while WC associated proteins correlate with VAT,
suggesting proteomic profiling can capture differential pathways of fat distribution better than

anthropometric measures.?

The predictive utility of plasma proteomics has been demonstrated across multiple large-scale studies.
Proteomic profiles have been shown to enhance the prediction of ASCVD beyond traditional risk
factors.?®?’ Targeted proteomic models have also outperformed the clinical risk model for recurrent
ASCVD events.*® Proteomic profiles have been shown to be competitive with standard clinical risk
models in large population-based cohorts, demonstrating potential for proteomics to serve as a

complementary risk stratification tool in diverse clinical cohorts.?'

Protein risk scores have demonstrated significance in both Asian and African ancestry populations, and

protein signatures developed in multiethnic cohorts have been replicated in African American and White
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European populations.?>*? The overlap in BMI-associated proteins between Asian and European
populations suggests that proteomic risk scores may capture shared biological pathways between ethnic
groups, while differences may reflect distinct adiposity pathways. This evidence supports the applications
of validated protein-predicted risk scores as a more biologically precise approach to CVD and T2D risk

prediction across ethnically diverse populations.



Introduction

The prevalence of obesity is continuing to rise in the United States, which contributes to the global burden
of chronic disease and increasing healthcare expenditures.** Obesity is a major determinant of
cardiometabolic disease and contributes substantially to both cardiovascular disease and type 2 diabetes
(T2D). BMI is a common indicator for adiposity in clinical settings due to its simplicity and accessibility,
but it does not differentiate between fat and lean mass and may not reflect body fat distribution.** This
measure can misclassify cardiometabolic risk, as individuals with the same BMI values might exhibit
different physiological profiles that contribute to cardiometabolic risk.” Furthermore, the defined cut
points for obesity (BMI > 30 kg/m?) and extreme obesity (BMI > 40 kg/m?) were based on European
populations.' Across ethnic groups, fat distribution and muscle mass differ, contributing to the failure of
BMI as a measure of cardiometabolic risk.” South Asian populations experience elevated cardiometabolic
risk at lower BMI.* BMI overestimates adiposity in Black populations when compared to European men
and women.'® Black women have also been found to have higher levels of lean muscle mass, which is
unaccounted for in BMI measurements.® These differences highlight concerns about the generalizability
of risk prediction tools that rely on BMI. Alternative measures such as body fat percentage (BFP) and
waist-to-hip ratio (WHR) have been shown to better capture adiposity and fat distribution differences

across subgroups.’

Proteomics offers an opportunity to move beyond conventional anthropometric measures by capturing
circulating molecular signatures that may reflect the biological consequences of adiposity more directly.
Recent studies have shown that proteomic signatures of BMI are associated with incident cardiovascular
disease and T2D and that protein-based models can improve prediction of incident diabetes beyond
conventional clinical factors.?*?*3%3” These findings support the idea that circulating proteins may provide
complementary information about obesity-related biology that is not fully represented by measured

phenotypes. At the same time, most proteomic studies of diabetes and related metabolic traits have been



conducted predominantly in populations of European ancestry, leaving uncertainty about generalizability

across more diverse groups.*®

Building on a recent UK Biobank study?®® that developed protein-predicted scores (PPS) for BMI, BFP
and WHR and showed that these scores were associated with incident major adverse cardiovascular
events (MACE), an important next step is to determine whether these proteomic obesity signatures
perform similarly across ethnic groups and whether their utility extends to other obesity-related outcomes.
The prior study also noted that its predominantly European ancestry composition limited generalizability
and highlighted the need for validation in diverse populations. In the present study, we evaluated the
performance of obesity-related PPS in White, Black, and South Asian participants and examined their
associations with both MACE and incident T2D. We hypothesized that because the molecular profile of
obesity and its metabolic consequences differ across ethnic groups, the strength of association and
predictive performance of these PPS would vary by ethnicity. By extending evaluation of these scores
beyond cardiovascular events alone and into T2D, this study aims to clarify whether proteomic signatures

of adiposity capture shared versus ethnicity-specific pathways linking obesity to cardiometabolic disease.

Methods

The UKB is a large-scale biomedical database and research resource.*” The UKB contains anonymized
genetic, lifestyle, and health information from half a million participants based in the UK.*’ The database
includes blood samples, heart and brain scans, and genetic data of volunteer participants.*’ UKB was
established in 2006 and recruited 500,000 people aged 40 to 69 years from the United Kingdom.!! UKB
collected demographic information and risk factors at baseline, including age, sex, race and ethnicity,
total cholesterol levels, high-density lipoprotein cholesterol levels, systolic blood pressure, estimated
glomerular filtration rate calculated using the 2021 CKD-EPI equation*!, diabetes, smoking status, family
history, HbA1c, blood-pressure medication use, and cholesterol-lowering medication use. The UKB
cohort was linked to Hospital Episode Statistics data for hospital admissions, primary care data, and

national death registry records that included dates and causes of death. First occurrences of disease and



causes of death were mapped to International Classification of Diseases, Tenth Revision (ICD-10) codes.
Incident outcomes were defined based on the first qualifying diagnosis or death record after baseline.
Time to events was defined as time from enrollment until event, loss to follow-up, or follow-up
conclusion in September 2023. MACE was defined as a composite of incident ischemic stroke,

myocardial infarction, and cardiovascular death.

BMI, BFP, and WHR were obtained at baseline. BMI was calculated by dividing weight (kg) by the
square of standing height (m?). BFP was measured using the Tanita BC418ma body composition
analyzer.*> Ethnic groups were self-reported as White, Mixed, South Asian, Black, and Other Asian.
Plasma proteomic data were generated in a subset of UKB participants as part of the UKB Pharma
Proteomics Project using the Olink Explore 3072 platform, an antibody-based proximity extension
assay.* The PPS for BMI, BFP, and WHR used in the present study were derived according to the
approach reported by Liu et al. in Proteomes.** In that study, baseline plasma proteomic data from 54,219
UKB participants measured on the Olink Explore 3072 platform were used to develop obesity-related
proteomic signatures. Score derivation was performed in a healthy subcohort excluding participants with
prevalent or incident diabetes, cardiovascular disease, renal disease, or cancer. After excluding proteins
with greater than 20% missingness, the remaining protein levels were imputed at the minimum value
when undetectable and then rank-based inverse-normal transformed. Least absolute shrinkage and
selection operator (LASSO) regression with 10-fold cross-validation was applied to identify proteins that
best predicted measured BMI, BFP, and WHR. For each phenotype, a weighted proteomic score was then
calculated as the sum of selected protein levels weighted by the corresponding LASSO beta coefficients

and standardized to a z score, yielding PPSgmi, PPSgrp, and PPSwir.

Cohort characteristics were compared for participants with and without MACE using the chi-square or
fisher’s test for categorical variables and a two-sample t-test or Kruskal-Wallis test for continuous

variables.* For the prediction of MACE and T2D, participants from the healthy cohort, excluding the



training set, were used. Those with prevalent stroke or and coronary artery disease at enrollment were

excluded. For the analysis of incident T2D, prevalent T2D at baseline was further excluded.

The associations between the predicted protein scores for BMI, BFP, and WHR were estimated using

Fine and Gray’s competing risk model*

, with death as the competing risk. Analyses were conducted in
the overall cohort and ethnic stratified groups. Ethnic interaction with protein scores were conducted.
Four models were estimated. Models 1 through 3 were used for MACE prediction, and Models 1 through
4 were used for T2D prediction, excluding diabetes status from the model. Ethnicity was excluded from
the ethnic stratified groups. Model 1 adjusted for age, sex, PPS and ethnicity. Model 2, in addition to
Model 1, adjusted for the obesity phenotype. Model 3, in addition to Model 2, adjusted for total
cholesterol, diabetes status, high-density lipoprotein cholesterol, systolic blood pressure, estimated
glomerular filtration rate, smoking status, blood-pressure-lowering medication use, and cholesterol-
lowering medication use, modeling the PREVENT equation.*® Model 4, in addition to Model 3, adjusted
for HbA lc and family history of diabetes.*’ C statistics were calculated using the R package survC1.#

Protein scores were evaluated for predicting MACE and T2D in an unadjusted, adjusted, PREVENT

equation for MACE, and a T2D prediction model including diabetes history and HbAlc.

All data analyses were conducted using R version 4.5.1. Statistical significance was based on p-values

<0.05.

Results

Among the 31,167 participants, 4,036 developed incident MACE. Among participants with MACE, 737
(18.3%) experienced ischemic stroke, 2,899 (71.8%) experienced myocardial infarction, and 1,311
(32.5%) had cardiovascular death (Table 1). Participants with MACE were older and more likely to be
male and current smokers. They also had higher BMI, WHR, total cholesterol, and systolic blood
pressure, as well as lower BFP, high-density lipoprotein cholesterol, and eGFR, compared with those

without MACE. The cohort included 29,945 White, 766 Black, and 456 South Asian participants. Black



participants had the highest BMI and BFP, whereas South Asian participants had the highest HbAlc,

eGFR, diabetes prevalence, and family history of diabetes, and the lowest systolic blood pressure.

The protein scores were significantly associated with MACE in Models 1 and 2 (Table 2). These
associations were attenuated after full clinical adjustment in Model 3, although the PPS for BFP and
WHR remained statistically significant, suggesting that these proteomic measures may capture risk
information beyond traditional clinical risk factors. For ischemic stroke, only the WHR protein score was
significantly associated with risk in Models 1 and 2. For myocardial infarction, all three protein scores
were significant in Models 1 and 2, whereas only the BFP and WHR PPS remained significant in the fully
adjusted Model 3. For cardiovascular death, all three scores were significant in Model 1, but only the BFP
and WHR protein scores remained significant after further adjustment. All three protein scores were
significantly associated with incident T2D across all four models, indicating that proteomic obesity

phenotypes capture diabetes risk.

Ethnic-stratified analyses showed that associations with MACE were most evident in White participants,
whereas estimates in Black and South Asian participants were less precise because of smaller sample
sizes and wider confidence intervals (Table 3, Figure 1). In White participants, the PPSgrp and PPSwur
remained associated with MACE after full adjustment, whereas the BMI protein-predicted score was
attenuated. For T2D, associations were strongest and most consistent in White participants, but the
PPSwhr also remained significantly associated with T2D in South Asian participants across all models
and in Black participants through Model 3. Findings for the individual MACE components were broadly
consistent with the main analyses, with the most robust associations observed in White participants, while

estimates in Black and South Asian participants were limited by small event counts (Table S1).

The protein-predicted scores had modest predictive performance for MACE and stronger predictive
performance for T2D (Table S2-S3, Figure 2). For MACE, PPSwur had the highest C statistic among the
individual scores and combining all three scores improved prediction. In the overall cohort, the adjusted

combined protein model including only the PPS, age, sex, smoking had a C statistic of 0.6821, similar to



the PREVENT model (0.6850). For T2D, PPSgm and PPSwir showed better prediction than PPSgrp, and
the adjusted combined protein model achieved a C statistic of 0.7805 overall, although the clinical model
remained superior (0.8133). This pattern was generally consistent across ethnic groups, with more
variable estimates in Black and South Asian participants. For MACE, the adjusted combined protein
model had C statistics of 0.6815 in White participants, 0.6517 in Black participants, and 0.7247 in South
Asian participants. For T2D, the corresponding C statistics were 0.7872, 0.7277, and 0.7316, indicating
lower predictive performance in Black participants for both outcomes and in South Asian participants for

T2D.

Discussion

In this study, obesity-related PPS were associated with incident MACE and, more strongly, with incident
T2D. Among the three scores, the PPSwur showed the strongest and most consistent associations, and the
combined protein model approached the PREVENT model for MACE prediction overall but remained

inferior to the clinical model for T2D.

Central adiposity is a more robust predictor of cardiometabolic risk as indicated by the more consistent
associations for the PPSwnr. This aligns with current literature and suggests that the profiles linked to fat
distribution perform better than overall adiposity measures for disease prediction.’ The PPSwir
consistently outperformed the other PPS for MACE and was among the strongest predictors for T2D.
This pattern aligns with a large body of literature showing that measures of central adiposity capture
cardiometabolic risk more effectively than BMI alone.*>*® WHR better reflects visceral and ectopic fat
accumulation, which is more closely linked to insulin resistance, adverse lipid profiles, and vascular
injury than total body size. The persistence of PPSwur associations after multivariable adjustment further
suggests that proteomic correlates of fat distribution may encode pathophysiologic information not fully

captured by conventional anthropometry.



A major goal of this study was to examine whether these obesity-related PPSs performed similarly across
ethnic groups. First, associations and C statistics were generally strongest and most stable in White
participants, which likely reflects both the much larger White sample in UKB and the fact that the scores
were derived in a predominantly European-ancestry cohort. This interpretation is consistent with broader
concerns that many proteomic discovery and prediction studies have been conducted largely in White
populations, limiting generalizability to more diverse groups.?**® Second, the relative prominence of
WHR-based signals, especially for T2D, is biologically plausible in light of well-described ethnic
differences in body composition. South Asian populations tend to have higher body fat and more
abdominal adiposity at lower BMI and to develop diabetes at lower BMI thresholds,’'* whereas Black
populations, particularly women, tend to have greater lean mass and may be misclassified by BMI-based
obesity thresholds.>*3 Together, these observations support the premise that molecular signatures of
central adiposity may transfer better across groups than signatures anchored more closely to BMI alone,
even though the smaller Black and South Asian samples in this study limited precision. The numerically
higher MACE C statistic in South Asian participants should not be overinterpreted, because event counts

were small and the PREVENT model remained slightly higher in that subgroup as well.

A strength of this study is the large cohort that has longitudinal follow-up, comprehensive baseline data,
and proteomics linked to outcomes across a multi-ethnic cohort. The small sample sizes for the non-White
subgroups are a limitation as this limits statistical power the precision of ethnic-specific estimates. The
Mixed and Other Asian groups were excluded due to small sample sizes, limiting the generalizability of
the findings. These findings suggest that PPS of obesity-related phenotypes require validation in
ethnically diverse cohorts before clinical application. The underperformance observed in South Asian and
Black subgroups reflects a combination of ethnic differences in body composition and fat distribution and
underrepresentation in the training data. Future work should prioritize deriving protein scores recruiting
larger non-White cohorts for training and validation. This should include investigation of biological

pathways and investigating how this might be modified by ethnicity.



Conclusion

This study demonstrates that protein-predicted scores for BMI, BFP, and WHR are associated with
incident MACE and T2D in the UKB cohort, but their predictive performance is not uniform across
ethnic groups. The scores performed most consistently in White participants and showed meaningful
results in South Asian and Black subgroups. Across all outcomes, the WHR protein score showed the
most consistent associations, supporting the broader literature that fat distribution is a more robust marker
than adiposity. Standard clinical models retained superior or comparable performance in all subgroups,
suggesting that the proteomic obesity scores do not add sufficient predictive value to the established risk
equations in diverse populations. These findings underscore the importance of developing and validating

proteomic risk tools in ethnically diverse cohorts.

Public Health Implications

The underperformance of protein-predicted obesity scores in South Asian and Black subgroups has direct
public health implications. These scores were derived from predominantly White populations have the
potential to misclassify risk in groups who already face barriers to diagnosis and treatment. These
findings reinforce concerns about BMI as a clinical tool and strengthen the case for incorporating fat
distribution measures such as WHR into routine screening, particularly for South Asian and Black
patients where central adiposity is stronger predictor of cardiometabolic risk. This study highlights the
need for biobanks that are more ethnically representative, as the small non-White subgroups were a
limiting factor in the analysis. The consistent association of all protein scores for T2D prediction points to

an important area of exploration for more precise diabetes risk assessment.
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Tables and Figures

Table 1. Cohort Characteristics.

Overall Cohort

Variabl White Black South Asian
ariables Overall No MACE MACE N=29,945 N=766 N=456
N=31,167 (100%) | N=27,131 (87.1%) | N=4,036 (12.9%)
Age (years) 57.26 (8.02) 56.74 (8.06) 60.78 (6.83) 57.47 (1.95) 51.57 (7.80) 53.42 (8.36)
Male (%) 14095 (45.2) 11644 (42.9) 2451 (60.7) 13508 (45.1) 341 (44.5) 246 (53.9)
White (%) 29945 (96.1) 26055 (96.0) 3890 (96.4)
Black (%) 766 (2.5) 701 (2.6) 65 (1.6)
South Asian (%) 456 (1.5) 375 (1.4) 81 (2.0)
BMI (kg/m?) 27.48 (4.74) 2737 (4.70) 28.25 (4.90) 27.43 (471 29.67 (5.32) 2722 (4.44)
Body F”:,,‘/’e)"e“t”ge 31.64 (8.62) 31.75 (8.64) 30.92 (8.42) 31.58 (8.58) 33.97 (9.50) 32.05 (8.59)
(]

Waist-Hip Ratio (cm) 0.87 (0.09) 0.87 (0.09) 0.91 (0.09) 0.87 (0.09) 0.88 (0.07) 0.90 (0.08)
T‘"“}S;‘;;S‘em' 222.95 (43.38) 222.94 (43.04) 22300 (45.63) | 223.63(4333) | 20458 (41.88) | 209.11(39.77)
HDL-C (mg/dL) 56.29 (14.72) 56.75 (14.67) 53.28 (14.70) 56.45(14.75) | 55.01(13.90) | 48.44(11.49)

Systolic Blood 141.44 (19.83) 140.66 (19.71) 146.70 (19.89) 141.48 (19.84) | 141.37(19.56) | 139.28 (20.05)
Pressure (mmHg) : : : : : : ) : : : ) :
¢GFR (mL/min/1.73
: 94.22 (13.13) 94.59 (12.90) 91.30 (14.14) 94.16 (13.02) | 90.94(15.61) | 99.73(12.75)
m
D“‘be“s(;r)ev’"e"“ 906 (2.9) 703 (2.6) 203 (5.0) 787 (2.6) 70 9.1) 49 (10.7)
()

Current Smoking (%) 3288 (10.5) 2630 (9.7) 658 (16.3) 3156 (10.5) 87 (11.4) 45(9.9)
Blood-Pressure

Lowering Medication 7865 (25.3) 6479 (23.9) 1386 (34.5) 7466 (25.0) 273 (35.8) 126 (27.6)

Use (%)
Cholesterol-Lowering
Medieation Une (o 5812 (18.7) 4708 (17.4) 1104 (27.5) 5597 (18.7) 113 (14.8) 102 22.4)
HbAlc (%) 5.43 (0.55) 5.42(0.53) 5.55 (0.70) 5.42(0.53) 5.75 (0.94) 5.80 (0.83)
Family Diabetes
sty (0 6849 (22.0) 5989 (22.1) 860 (21.3) 6316 (21.1) 291 (38.0) 242 (53.1
Ischemic Stroke
Tneidence (35) 737 2.4) 0 737 (18.3) 709 (2.4) 15 (2.0) 13 (2.9)
MI Incidence (%) 2899 (9.3) 0 2899 (71.8) 2803 (9.4) 34 (44) 62 (13.6)

T2D Incidence (%) 2409 (7.7) 1792 (6.6) 617 (15.3) 2170 (7.2) 126 (16.4) 113 (24.8)

CV Death (%) 1311 4.2) 0 1311 32.5) 1268 (4.2) 25 (3.3) 18 (3.9)

Data are presented as mean (SD) for continuous variables and n (%) for categorical variables.
BMI, body mass index; HDL-C, high-density lipoprotein cholesterol; eGFR, estimated
glomerular filtration rate; HbAlc, glycated hemoglobin; T2D, type 2 diabetes; CV,
cardiovascular; MI, myocardial infarction; MACE, major adverse cardiovascular events.



Table 2. Associations Between Protein-predicted Scores of Obesity Phenotypes and Outcomes in the Overall Cohort.

Pl:'SBMI (per SD) PPSBFP (per SD) PPSW'_m (per SD)
Qutcome Model N N HR (95% CI) P N N HR (95% CI) P N N HR (95% CI) P
Event Event Event
Model 1 27530 4036 1.16 (1.13, 1.20) <0.0001 27530 4036 1.22(1.17, 1.28) <0.0001 27530 4036 1.36 (1.30, 1.44) <0.0001
MACE Model 2 27468 4022 1.11 (1.03, 1.18) 0.0037 27059 3924 1.26 (1.16, 1.37) <0.0001 27523 4035 1.27 (1.19, 1.35) <0.0001
Model 3 22423 3282 1.06 (0.98, 1.15) 0.1445 22107 3211 1.20 (1.09, 1.32) 0.0002 22468 3293 1.13 (1.05, 1.23) 0.0025
Model 1 27528 737 1.05 (0.98, 1.14) 0.1821 27528 737 1.07 (0.96, 1.18) 0.2419 27528 737 1.19 (1.05, 1.33) 0.0045
Ischemic

Stroke Model 2 27466 732 1.05 (0.90, 1.23) 0.5444 27058 723 1.02 (0.85, 1.23) 0.8377 27521 737 1.16 (1.01, 1.34) 0.0432
Model 3 22423 611 1.07 (0.90, 1.28) 0.4395 22107 606 0.96 (0.78, 1.18) 0.6897 22468 614 1.20 (0.99, 1.45) 0.0596
Model 1 27530 2899 1.18 (1.14, 1.23) <0.0001 27530 2899 1.25(1.19, 1.32) <0.0001 27530 2899 1.41 (1.33, 1.50) <0.0001
M1 Model 2 27468 2897 1.12 (1.03, 1.21) 0.0069 27059 2826 1.30 (1.17, 1.43) <0.0001 27523 2898 1.33(1.24,1.43) <0.0001
Model 3 22423 2371 1.05 (0.96, 1.15) 0.3257 22107 2324 1.20 (1.08, 1.35) 0.0014 22468 2378 1.14 (1.04, 1.25) 0.0050
Model 1 27530 2661 1.21 (1.13, 1.28) <0.0001 27530 1311 1.29 (1.18, 1.41) <0.0001 27530 1311 1.36 (1.24, 1.50) <0.0001
CV Death Model 2 27468 2650 1.08 (0.95, 1.22) 0.2545 27059 1258 1.35(1.15, 1.58) 0.0002 27523 1311 1.18 (1.05, 1.32) 0.0039
Model 3 22423 2133 1.10 (0.95, 1.27) 0.1962 22107 1001 1.35(1.13, 1.62) 0.0011 22468 1043 1.20 (1.04, 1.38) 0.0147
Model 1 26624 1758 2.30(2.20,2.41) <0.0001 26624 1758 2.70(2.53,2.87) <0.0001 26624 1758 5.78 (5.30, 6.31) <0.0001
Model 2 26567 1752 2.46(2.23,2.72) <0.0001 26172 1722 1.99 (1.75,2.25) <0.0001 26617 1758 4.77 (4.32,5.27) <0.0001
b Model 3 21675 1453 2.26(2.02,2.53) <0.0001 21369 1428 1.84 (1.60, 2.13) <0.0001 21716 1457 4.11 (3.63, 4.65) <0.0001
Model 4 20629 1380 2.01(1.77,2.30) <0.0001 20334 1356 1.70 (1.44,2.01) <0.0001 20669 1384 3.20(2.79, 3.66) <0.0001

PPSgwmri: protein-predicted score of BMI; PPSgrp: protein-predicted score of body fat percentage; PPSwhr: protein-predicted score of
waist-hip ratio; MACE: major adverse cardiovascular event (ischemic stroke, myocardial infarction, and cardiovascular death); MI:

myocardial infarction; CV: cardiovascular; T2D: Type 2 Diabetes; HR: hazard ratio; CI: confidence interval.
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Table 3. Associations Between Protein-predicted Scores of Obesity Phenotypes with MACE and T2D Stratified by Ethnic Group.

Predicted White (Ref) South Asian Black

Protein Outcome Model N N Etbmic N Ethnic
Score N Event HR (5% €D P N Event HR (5% €D P Interaction P N Event HR (95% €D P Interaction P

Model 1 26471 3890 1.16 (1.13, 1.20) <0.0001 390 81 1.14 (0.90, 1.45) 0.2779 0.6132 669 65 1.19 (0.84, 1.69) 0.3259 0.4528

MACE Model 2 26416 3878 1.12 (1.04, 1.20) 0.0019 384 79 1.04 (0.62, 1.75) 0.8757 0.1413 668 65 0.79 (0.45, 1.39) 0.4174 0.9634

Model 3 21522 3164 1.07 (0.99, 1.16) 0.0986 331 64 1.03 (0.56, 1.90) 0.9195 0.9134 570 54 0.81 (0.45, 1.46) 0.4806 0.2097

(l::rs;‘vl‘)') Model 1 25684 1604 2.35(2.25,2.46) <0.0001 341 74 1.64 (1.29,2.09) <0.0001 0.0047 599 80 1.83 (1.45,2.32) <0.0001 0.0512

Model 2 25633 1599 2.52(2.72,2.79) <0.0001 336 73 2.02(1.29,3.15) 0.0020 0.0018 598 80 1.73 (1.08,2.78) 0.0238 0.0188

0 Model 3 20876 1317 2.21(1.96, 2.49) <0.0001 286 63 1.81(1.00, 3.27) 0.0503 0.0744 513 73 1.37(0.82,2.28) 0.2274 0.2466

Model 4 19958 1266 2.05(1.79,2.35) <0.0001 262 59 1.59 (0.80, 3.19) 0.1895 0.2778 409 55 0.68 (0.34, 1.34) 0.2610 0.0967

Model 1 26471 3890 1.22 (1.17,1.28) <0.0001 390 81 1.17 (0.86, 1.60) 0.3248 0.1002 669 65 1.11 (0.70, 1.78) 0.6562 0.1357

MACE Model 2 26015 3783 1.27 (1.17,1.390 <0.0001 388 80 0.69 (0.35,1.37) 0.2906 0.0730 656 61 1.25 (0.68, 2.30) 0.4692 0.1232

Model 3 21211 3096 1.21 (1.10, 1.34) 0.0001 335 65 0.65 (0.28, 1.52) 0.3200 0.1889 561 50 1.24 (0.61, 2.50) 0.5524 0.0499

PPS;:; Model 1 25684 1604 2.81(2.63, 3.00) <0.0001 341 74 1.49 (1.02,2.17) 0.0381 0.0651 599 80 1.76 (1.31,2.37) 0.0002 0.2642

(perSD) Model 2 25245 1570 2.12(1.86, 2.41) <0.0001 339 72 0.87(0.49, 1.54) 0.6238 0.0291 588 80 1.18 (0.66, 2.12) 0.5699 0.3811

20 Model 3 20574 1293 1.80 (1.52,2.13) <0.0001 289 62 0.72 (0.37. 1.43) 0.3547 0.2446 506 73 1.01 (0.55, 1.84) 0.9847 0.3898

Model 4 19667 1243 1.80 (1.52,2.13) <0.0001 264 58 0.87(0.38, 1.96) 0.7294 0.7980 403 55 0.70 (0.34, 1.42) 0.3202 0.1240

Model 1 26471 3890 1.36 (1.29, 1.43) <0.0001 390 81 1.47 (0.94, 2.30) 0.0879 0.1222 669 65 1.44 (0.90, 2.33) 0.1326 0.0760

MACE Model 2 26464 3889 1.27 (1.19, 1.35) <0.0001 390 81 1.26 (0.73, 2.17) 0.4103 0.1020 669 65 1.13 (0.66, 1.94) 0.6528 0.1181

Model 3 21560 3173 1.13 (1.04, 1.22) 0.0039 337 66 1.13 (0.57,2.25) 0.7326 0.0969 571 54 1.15 (0.58, 2.28) 0.6888 0.2535

(I:):ls“;}ll)‘; Model 1 25684 1604 5.90 (5.39, 6.45) <0.0001 341 74 4.94(2.79, 8.73) <0.0001 0.9022 599 80 3.79(2.39, 6.01) <0.0001 0.0982

Model 2 25677 1604 4.84 (4.37,5.36) <0.0001 341 74 4.52(2.38, 8.59) <0.0001 0.0978 599 80 3.43(2.10, 5.61) <0.0001 0.0094

20 Model 3 20911 1320 4.27 (3.75, 4.86) <0.0001 291 64 4.77 (2.35,9.68) <0.0001 0.9313 514 73 2.97(1.67,5.27) 0.0002 0.4882

Model 4 19993 1269 3.33(2.89,3.83) <0.0001 266 60 3.34(1.54,7.23) 0.0023 0.5759 410 55 2.01 (0.96, 4.25) 0.0657 0.4672

PPSgwmri: protein-predicted score of BMI; PPSgrp: protein-predicted score of body fat percentage; PPSwur: protein-predicted score of

waist-hip ratio; MACE: major adverse cardiovascular event (ischemic stroke, myocardial infarction, and cardiovascular death); MI:

myocardial infarction; CV: cardiovascular; T2D: Type 2 Diabetes; HR: hazard ratio; CI: confidence interval.
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Figure 1. Forest Plot of the Associations Between Protein Predicted Scores of Obesity-related
Phenotypes with MACE and T2D. MACE model adjusted for age, sex, ethnicity, the obesity
phenotype, total cholesterol, diabetes status, high-density lipoprotein cholesterol, systolic blood
pressure, estimated glomerular filtration rate, smoking status, blood pressure-lowering
medication use, and cholesterol-lowering medication use. T2D model additionally adjusted for
HbAlc and family history of diabetes.
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Figure 2. C statistics for prediction of MACE and T2D, overall and by ethnicity. The adjusted
protein prediction model was adjusted for age, sex, smoking status, and all protein-predicted
scores (PPS). The clinical model for MACE was adjusted for age, sex, total cholesterol, high-
density lipoprotein cholesterol, systolic blood pressure, estimated glomerular filtration rate,
diabetes status, current smoking, blood-pressure-lowering medication use, cholesterol-lowering
medication use, and body mass index. The clinical model for T2D was additionally adjusted for

family history of diabetes and glycated hemoglobin (HbAlc).
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Supplemental Table 1. Associations Between Protein-predicted Scores of Obesity Phenotypes and MACE Components Stratified by

Ethnic Group.
Predicted White (Ref) South Asian Black
Protein tcom Model
Model 1 | 26469 709 1.06 (0.98, 1.14) 0.1575 390 13* - - - 669 15% - B B
Ischemic Stroke Model 2 26414 704 1.08 (0.92, 1.26) 0.3661 384 13* - - - 668 15% - - -
Model 3 | 21522 588 1.09 (0.92, 1.30) 0.3230 331 10% - - - 668 15% - B B
Model 1 | 26471 2803 118 (1.14,1.23) | <0.0001 390 62 1.29(0.99,1.68) | 0.0611 0.8340 669 34 114 (0.73, 1.79) | 0.5636 0.6000
fplz"sw‘l')) MI Model2 | 26416 | 2801 1.13 (1.04, 1.22) 0.0049 384 62 1.11 (0.63,1.96) | 0.7221 0.5356 668 34 0.79 (0.37, 1.66) | 0.5275 0.9651
Model 3 | 21522 | 2299 1.06 (0.96, 1.16) 0.2502 331 51 0.92(0.45,1.88) | 0.8197 0.6240 570 27* B B _
Model 1 | 26471 1268 1.20(1.12,1.28) | <0.0001 390 18% - - - 669 25% - - -
CV Death Model2 | 26416 1260 1.08 (0.95, 1.23) 0.2392 384 16* - - - 668 25% - B B
Model 3 | 21522 997 1.10 (0.95, 1.27) 0.1872 331 14% - - - 570 23% - B B
Model 1 | 26469 709 1.07 (0.96, 1.19) 0.2517 390 13% - - - 669 15% - B B
Ischemic Stroke | Model 2 | 26471 695 1.01 (0.83,1.22) 0.9577 388 13* - - - 656 15% - B B
Model 3 | 21211 583 0.95(0.77,1.17) 0.6020 335 10% - - - 561 13* - B B
Model 1 | 26471 2803 1.25(1.19,1.32) | <0.0001 390 62 136 (0.97,1.92) | 0.0777 0.2662 669 34 0.95(0.53,1.70) | 0.8597 0.1640
fp:il*SFll’)) MI Model2 | 26015 | 2731 1.32(1.19, 1.46) | <0.0001 388 62 0.86 (0.38,1.94) | 0.7089 0.2017 656 33 0.81 (0.38, 1.74) | 0.5921 0.1977
Model 3 | 21211 2247 1.23 (1.09, 1.38) 0.0005 335 51 0.67(0.26,1.76) | 0.4185 0.5170 561 26* - - -
Model 1 | 26471 1268 1.28(1.17,1.40) | <0.0001 390 18% - - - 669 25% - - -
CV Death Model 2 | 26015 1219 135 (1.15, 1.59) 0.0003 388 17% - - - 656 22% - B B
Model 3 | 21211 966 1.34 (112, 1.62) 0.0018 335 15% - - - 561 20* - B B
Model 1 | 26469 709 1.18 (1.05, 1.33) 0.0054 390 13% - - - 669 15% - B B
Ischemic Stroke | Model 2 | 26462 709 1.17 (1.01, 1.36) 0.0336 390 13* - - - 669 15% - B B
Model 3 | 21560 591 1.21 (1.00, 1.47) 0.0527 337 10% - - - 571 13* - B B
Model 1 | 26471 2803 1.41(1.33,1.50) | <0.0001 390 62 1.54(0.91,2.61) | 0.1093 0.1166 669 34 1.54(0.81,2.94) | 0.1913 0.0354
fp‘;f“s"]')“) MI Model 2 | 26464 2802 1.34(1.24, 1.44) <0.0001 390 62 1.45(0.75,2.77) 0.2673 0.0933 669 34 1.00 (0.48, 2.06) 0.9884 0.0523
Model 3 | 21560 | 2300 1.15 (1.04, 1.26) 0.0045 337 51 0.87(0.41,1.87) | 0.7272 0.1422 571 27% - - -
Model 1 | 26471 1268 135(1.23,1.49) | <0.0001 390 18% - - - 669 25% - B B
CV Death Model 2 | 26464 1268 1.18 (1.05, 1.32) 0.0054 390 18% y B - 669 25% - B B
Model 3 | 21560 1004 1.18 (1.02, 1.36) 0.0305 337 16* - - - 571 23% - B B

*Hazard ratios not estimated due to small number of events.



Supplemental Table 2. C Statistic for Predicting MACE.

Unadjusted Model Adjusted Model PREVENT
Cohort Model
PPSsmi PPSgrp PPSwur | PPSpmi+PPSprp+PPSwur | PPSpwi PPSgre PPSwur | PPSpmrtPPSpre+PPSwhr
Overall 0.5406 0.5386 0.6135 0.6202 0.6804 0.6799 0.6813 0.6821 0.6850
White 0.5427 0.5376 0.6135 0.6195 0.6770 0.6797 0.6813 0.6815 0.6815
Black 0.5184 0.5058 0.5576 0.5739 0.6228 0.6116 0.6511 0.6517 0.7131
i(;lll:z 0.5134 0.5879 0.6690 0.6788 0.7217 0.7181 0.7270 0.7247 0.7331

Unadjusted model only included the protein-predicted score(s). Adjusted model additionally included age, sex, smoking status.
PREVENT model additionally included cholesterol levels, HDL, BMI, SBP, eGFR, blood-pressure lowering medication use,
cholesterol medication use, and diabetes status.



Supplemental Table 3. C Statistic for Predicting T2D.

Unadjusted Model Adjusted Model Clinical
Cotort PPSsmi PPSgrp PPSwur | PPSpmi+PPSprp+PPSwur | PPSewi PPSgrp PPSwur | PPSpmi+PPSpre+PPSwur Model
Overall 0.7312 0.6007 0.7082 0.7687 0.7470 0.7096 0.7762 0.7805 0.8133
White 0.7355 0.6055 0.7082 0.7750 0.7535 0.7182 0.7762 0.7872 0.8266
Black 0.6723 0.5888 0.6195 0.6987 0.7012 0.6487 0.7275 0.7277 0.7928
i(;lll;: 0.6410 0.5552 0.6267 0.6876 0.6733 0.6378 0.7312 0.7316 0.7928

Unadjusted model only included the protein-predicted score(s). Adjusted model additionally included age, sex, smoking status.
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Clinical model additionally included cholesterol levels, HDL, BMI, SBP, eGFR, blood-pressure lowering medication use, cholesterol

medication use, family history of diabetes, and HbAlc.
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