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Abstract: Objectives: To investigate the association between visceral fat accumulation and
the risk of cardiometabolic multimorbidity (CMM) and the potential roles of accelerated
biological aging in this relationship. Methods: Using data from the UK Biobank, a na-
tionwide cohort study was conducted using the available baseline body roundness index
(BRI) measurement. Biological aging was assessed using the Klemera—Doubal method for
biological age and the phenotypic age algorithms. The association between the BRI and
CMM was estimated using the Cox proportional hazards regression model, while the roles
of biological aging were examined through interaction and mediation analyses. Results:
During a median follow-up of 14.52 years, 6156 cases of CMM were identified. A significant
association was observed between the BRI and CMM. The hazard ratio (HR) for CMM
was 3.72 (95% confidence interval [CI]: 3.35-4.13) for individuals in the highest quartile
compared with those in the lowest quartile of the BRL. More importantly, the BRI (AUC,
0.701; 95% CI, 0.694-0.707) demonstrated superior predictive performance relative to body
mass index (AUC, 0.657; 95% CI, 0.650-0.664). Furthermore, the BRI exhibited additive in-
teractions with accelerated biological aging on the risk of CMM, and accelerated biological
aging partially mediated the association between the BRI and CMM. Conclusions: These
findings provide evidence for the application of the BRI as a novel and readily accessible
screening tool associated with CMM, suggesting that the effective management of visceral
fat and biological aging deceleration may hold promise for reducing CMM risk.

Keywords: body roundness index; visceral obesity; cardiometabolic multimorbidity;
accelerated biological aging

1. Introduction

Cardiometabolic multimorbidity (CMM), as one of the most prevalent and repre-
sentative multimorbidity forms, is characterized by the coexistence of at least two car-
diometabolic diseases (CMD), typically including coronary heart disease (CHD), type 2
diabetes (T2DM), and stroke [1,2]. Compared to single CMD, patients with CMM have been
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found to face a multiplicative risk of mortality and a marked reduction in life expectancy [1].
The existing evidence also supports that CMM is associated with cognitive decline [3] and
depression in later life [4]. The prevalence of CMM among the population aged 60 years
and older has been reported to be 2.5-fold higher than that among those aged 40 years and
older [2], with approximately 30% of older adults affected [5]. Even more concerning is that
the number of elders is projected to reach 1.5 billion by 2050 [6], and these issues will be
further exacerbated by the aging population. Therefore, from both individual and public
health perspectives, identifying modifiable risk factors of CMM is now an urgent priority.

Obesity is widely recognized as a significant risk factor for CMM. Generally, the
relationship between obesity and CMM is assessed using body mass index (BMI) as an
indicator [7,8]. With extensive research into body composition, body fat content has
garnered increased attention. A growing consensus holds that the accumulation of visceral
adipose tissue is more deleterious to health than the expansion of subcutaneous adipose
tissue [9]. However, BMI is limited by its inability to differentiate between fat mass and
muscle mass [10]. The body roundness index (BRI), introduced by Thomas et al., is a
novel anthropometric measure that integrates height and waist circumference (WC) to
characterize body shape. Compared to the traditional BMI, it provides a more accurate
reflection of visceral fat distribution [11]. In addition, previous studies have shown that
the BRI outperforms BMI in predicting multiple clinical endpoints, including diabetes,
cardiovascular disease (CVD), and mortality [12-14]. However, the association between
the BRI and the risk of CMM has yet to be explored. It remains uncertain whether the BRI
demonstrates superior predictive capacity over BMI in predicting CMM. Furthermore, the
underlying mechanisms through which the BRI influences CMM remain largely unrevealed.

Aging, a complex biological process, is the gradual deterioration of the integrity,
reserve function, and recovery capacity of cells, tissues, and organs [15]. Compared to
chronological age, biological age provides a more accurate reflection of an individual’s
true aging status and risk of age-related diseases [16]. The Klemera—Doubal method for
biological age (KDM-BA), introduced by Klemera and Doubal [17], and phenotypic age
(PhenoAge) proposed by Levine et al. [18] both utilize clinical measurements and blood
biomarkers, offering a comprehensive evaluation of biological age. The phenomenon in
which the biological age of an individual advances more rapidly than their chronological
age is referred to as accelerated aging [19]. Essentially, biological aging, linked to reduced
metabolic rates, vascular stiffness, low-level chronic inflammation, oxidative stress, and
the interplay of comorbidities, may play a critical role in the pathology of CMM [20,21].
On the other hand, the accumulation of predominantly pro-inflammatory immune cells
and alterations in the immune profile of adipose tissue in obese individuals potentially
act as potent drivers of accelerated aging [22,23]. Despite these insights, no research has
simultaneously examined the relationship between BRI, biological aging, and CMM.

Therefore, this study aims to assess the association between the BRI and CMM risk, as
well as the predictive performance of the BRI for CMM. Furthermore, the roles of biological
aging in BRI-associated CMM will be explored.

2. Materials and Methods
2.1. Study Population

The UK Biobank, a large-scale prospective cohort study, recruited more than
500,000 participants across 22 assessment centers between 2006 and 2010, collecting a
comprehensive range of data on lifestyle factors, anthropometric measurements, biolog-
ical samples, and health status [24]. The study design and implementation have been
described in detail in previous publications [24]. All participants provided informed con-
sent and authorized the linkage of national datasets, including primary care, hospital,



Nutrients 2025, 17, 1397

30f15

cancer registry, and death records, to track health-related outcomes. Ethical approval
of UK Biobank was granted by the North West Multi-Centre Research Ethics Committee
(reference: 21/NW /0157). This research was conducted under application number “88589”.

In our study, participants who met the following criteria were excluded: first, those
without available data on WC (n = 2163), height (n = 518), and weight (n = 532); and second,
participants diagnosed with any CMD before recruitment (n = 56,400). Additionally, for
the physical activity covariate, which had a high proportion of missing data (22.66%),
we chose not to perform imputation; so 100,319 participants were excluded. Hence, the
association between the BRI and CMM was analyzed in 342,437 participants. Furthermore,
108,253 participants who lacked clinical biomarkers data for the calculation of biological age
were excluded, leaving 234,184 participants in the analysis to assess the role of accelerated
biological aging in the association between the BRI and CMM. The detailed flowchart is
presented in Figure 1.

Participants in the UK Biobank

(N=502,369)
_____________________ o Excluding participants without available data on
WC (N=2163), height (N=518), and weight (N=532)
Participants with complete BRI and BMI information
(N=499,156)
_____________________ . Excluding participants diagnosed with
CHD (N=27,824), T2DM (N=21,712) or stroke (N=6864)
Participants without any CMD at baseline
(N=442,756)
_____________________ R Excluding participants with missing covariate data”
(N=100,319)
Participants included in assessing the associations between
two distinct obesity indicators and CMM <:| Analysis 1
(N=342,437)
Excluding participants with incomplete data for
l‘ --------------------- > biological age algorithms

(N=108,253)

Participants included in assessing the role of

accelerated biological aging in .
<:I Analysis 2

the association between BRI and CMM

(N=234,184)

Figure 1. The flowchart for the participants” inclusion and exclusion. Abbreviations: WC—waist
circumference; BRI—body roundness index; BMI—body mass index; CHD—coronary heart disease;
T2DM—type 2 diabetes; CMD—cardiometabolic disease; CMM—cardiometabolic multimorbidity.
*, Due to a high proportion (22.66%) missing of the International Physical Activity Questionnaire
(IPAQ), participants with incomplete physical activity information were excluded. The remaining
covariates were imputed using random forest method before analysis.

2.2. BRI Definition

The BRI was calculated using height (centimeter, cm) and WC (cm), based on the
formula previously published by Thomas et al. [11]. The formula is presented below:

(y)"

BRI = 364.2 — 3655 % | ——~
(0.5%height)




Nutrients 2025, 17, 1397

40f 15

2.3. Ascertainment of Outcome

The outcome of the present study was CMM, defined as the coexistence of at least
two of the following CMDs: CHD, T2DM, and stroke, consistent with several previous
studies [6,7,25]. The onset date of CMM was defined as the date when the second incident
CMD was diagnosed. The occurrence of relevant events was ascertained through primary
healthcare, hospitalization, and other records, and subsequently confirmed using the codes
from the 9th and 10th editions of the International Classification of Diseases (ICD-9 and
ICD-10) (Table S1).

2.4. Definitions of Covariates

To account for potential confounding factors, several key covariates were incorpo-
rated. Demographic factors included age (<60 years, >60 years), sex (female and male),
race, socioeconomic status, and education level (high school or below, college degree or
above). Socioeconomic status was measured using the Townsend Deprivation Index (TDI),
which combines multiple dimensions, such as social class, employment, car availability,
and household overcrowding [26]. A higher TDI score suggests a greater degree of de-
privation. Using the median TDI score, participants were classified into high and low
socioeconomic status. Health behavior factors included smoking status (never, former, or
current), moderate alcohol intake (yes and no), and physical activity (low, moderate, or
high). Moderate alcohol consumption was defined as <14 g per day for women or <28 g
per day for men [27]. Physical activity was evaluated using the International Physical
Activity Questionnaire (IPAQ), and participants were categorized into three groups: low
(<600 min/week), moderate (600-3000 min/week), and high (>3000 min/week) [28]. We
also considered baseline hypertension (yes and no) and dyslipidemia (yes and no) based
on medical treatment, self-report, and hospital records.

2.5. Biological Aging Assessment

The KDM-BA and PhenoAge are two validated and widely used clinical-parameter
biological age algorithms, which can be implemented using the available data from the
UK Biobank [18,29]. In this study, we constructed both metrics simultaneously to offer a
more comprehensive assessment of biological aging by leveraging the strengths of each
algorithm (Table S2).

The KDM-BA represents the average biological state corresponding to a given chrono-
logical age within a reference population [30]. Briefly, it was derived from a series of
regressions of nine selected biomarkers (forced expiratory volume in one second, systolic
blood pressure, albumin, alkaline phosphatase, blood urea nitrogen, total cholesterol, crea-
tinine, C-reactive protein, and glycated hemoglobin) against chronological age [31]. On the
other hand, the PhenoAge is based on the average biological state associated with specific
mortality risk levels in a reference population [30]. It was derived from multivariate analy-
sis of mortality hazards, utilizing nine biomarkers (white blood cell count, red blood cell
distribution width, lymphocyte ratio, mean cell volume, albumin, alkaline phosphatase,
creatinine, C-reactive protein, and glucose), four of which overlap with KDM-BA [31].
Biological age values were calculated using the R package BioAge [30].

To capture the biological aging status of individuals, we calculated KDM-BA accel-
eration and PhenoAge acceleration, defined as the residuals from regressing KDM-BA or
PhenoAge onto chronological age at the time of biomarkers measurement. Biological age
acceleration was classified as KDM-BA or PhenoAge acceleration greater than 0, indicating
accelerated aging, while values less than or equal to 0 were considered non-accelerated
aging [32].
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2.6. Statistical Analysis

The baseline characteristics of participants with or without CMM were presented as
frequency (percentage) for categorical variables and mean (standard deviation, SD) for
continuous variables. Restricted cubic spline (RCS) regression models were constructed
based on the Akaike Information Criterion (AIC), and exposure-response curves for BRI
and BMI in relation to CMM risk were visualized. Random forest imputation was employed
to handle missing data for covariates. The distribution of the imputed values for each
variable was consistent with that of the original data. Unless otherwise stated, all analyses
were conducted using the imputed data. After testing the proportional hazards assump-
tion, Cox proportional hazards regression models were used to estimate the associations
between two distinct obesity indicators and the risk of CMM, with hazard ratios (HR) and
95% confidence intervals (CI) calculated. Additionally, by examining receiver operating
characteristic (ROC) curves and calculating the area under the curve (AUC), we determined
which had superior discriminatory capacity in predicting CMM between visceral fat content
indicator (BRI) and traditional obesity indicator (BMI). To identify subgroups in whom the
effect of BRI was noteworthy, stratified analyses were conducted by sex (male vs. female),
age (<60 years vs. >60 years), race (white vs. other), BMI (<30 kg/ m? vs. >30 kg/ m?),
economic status (high vs. low), education level (university or above vs. high school or
below), moderate alcohol intake (yes vs. no), smoking status (current/former vs. never),
and physical activity (active vs. inactive).

Linear regression models were used to evaluate the association between BRI and
biological aging, while Cox regression models were employed to assess the relationship
between biological aging and the risk of CMM. Based on binary BRI (< median value,
> median value) and biological age acceleration (<0, >0), categorical variables were gener-
ated to illustrate their joint associations with CMM. To quantify the multiplicative interac-
tion on CMM risk, a product term of these two factors was included in the Cox regression
model. The relative excess risk due to interaction (RERI) along with 95% CI was calculated
to estimate potential additive interaction [33]. Furthermore, following the VanderWeele
method [34], the total effect of BRI on CMM was decomposed into two components: the
natural indirect effect (i.e., the effect of BRI mediated through biological aging) and the
natural direct effect (i.e., the effect of BRI not explained by biological aging) [35]. Mediation
analysis used the R CMAverse package [36].

A series of sensitivity analyses were conducted to test the robustness of the association
results. First, the competing risk analysis was performed, treating all-cause mortality as
a competing event rather than a censored event, to minimize bias from competing risks
that could influence the occurrence of the events of interest [37]. Second, participants
diagnosed with CMM within two years of enrollment were excluded to reduce the potential
impact of reverse causality. Third, participants with a history of cancer were excluded.
Fourth, participants with incomplete covariates information were excluded. Additionally,
inverse probability weighting was applied to the participants included in the biological
aging analysis to minimize potential selection bias [38]. Specifically, logistic regression was
used to calculate the probability of inclusion in the analysis sample, and the inverse of
probabilities was applied as weights in the Cox regression model to evaluate the relationship
between the BRI, biological aging, and CMM. All analyses were conducted using R software
(version 4.4.2), and a two-tailed p-value < 0.05 was considered statistically significant.

3. Results
3.1. Baseline Characteristics

A total of 342,437 eligible participants were included, consisting of 156,677 (45.75%)
males and 185,760 (54.25%) females. During a median follow-up period of 14.52 years,



Nutrients 2025, 17, 1397

6 of 15

6156 cases of incident CMM were identified. Among the 234,184 participants with complete
biological age information, the mean (SD) values for KDM-BA and PhenoAge were 51.92
(12.50) and 49.12 (9.16) years. The baseline characteristics of the participants are provided

in Table 1. A significant difference was observed between the incident CMM and non-CMM

group in terms of age, sex, education level, economic status, smoking, moderate alcohol

intake, physical activity, and history of hypertension and dyslipidemia (all p < 0.001). We

also found that, compared to the non-CMM group, participants in the CMM group had
higher KDM-BA, PhenoAge, KDM-BA acceleration, and PhenoAge acceleration.

Table 1. Baseline demographic and health characteristics of study participants stratified by the

occurrence of cardiometabolic multimorbidity (N = 342,437).

Characteristics Overall Incident CMM No Incident CMM p-Value
(N = 342,437) (N = 6156) (N = 336,281)
Age, n (%)
<60 years 208,483 (60.88) 2088 (33.92) 206,395 (61.38) <0.001
>60 years 133,954 (39.12) 4068 (66.08) 129,886 (38.62)
Sex, n (%)
Female 185,760 (54.25) 2203 (35.79) 183,557 (54.58) <0.001
Male 156,677 (45.75) 3953 (64.21) 152,724 (45.42)
Race, n (%) 0.151
White 312,134 (91.15) 5579 (90.63) 306,555 (91.16)
Others 30,303 (8.85) 577 (9.37) 29,726 (8.84)
Socioeconomic status *, 11 (%)
Low economic level 171,737 (50.15) 3473 (56.42) 168,264 (50.04) <0.001
High economic level 170,700 (49.85) 2683 (43.58) 168,017 (49.96)
Education, n (%) <0.001
High school or below 164,308 (47.98) 3707 (60.22) 160,601 (47.76)
College degree or above 178,129 (52.02) 2449 (39.78) 175,680 (52.24)
Smoking status, 1 (%) <0.001
Never 192,965 (56.35) 2628 (42.69) 190,337 (56.60)
Previous 115,621 (33.76) 2492 (40.48) 113,129 (33.64)
Current 33,851 (9.89) 1036 (16.83) 32,815 (9.76)
Moderate alcohol intake, 1 (%) <0.001
Yes 172,207 (50.29) 2740 (44.51) 169,467 (50.39)
No 170,230 (49.71) 3416 (55.49) 166,814 (49.61)
Physical activity, n (%) <0.001
Low 61,044 (17.83) 1367 (22.21) 59,677 (17.75)
Moderate 139,634 (40.78) 2393 (38.87) 137,241 (40.81)
High 141,759 (41.40) 2396 (38.92) 139,363 (41.44)
Baseline hypertension, 7 (%) <0.001
Yes 81,425 (23.78) 3134 (50.91) 78,291 (23.28)
No 261,012 (76.22) 3022 (49.09) 257,990 (76.72)
Baseline dyslipidemia, 1 (%) <0.001
Yes 35,734 (10.44) 1601 (26.01) 34,133 (10.15)
No 306,703 (89.56) 4555 (73.99) 302,148 (89.85)
KDM-BA, years * 51.92 (12.50) 61.82 (11.82) 51.75 (12.44) <0.001
PhenoAge, years * 49.12 (9.16) 56.33 (8.32) 49.00 (9.12) <0.001
KDM-BA acceleration, years * —3.71 (9.83) 1.06 (11.00) —3.79 (9.79) <0.001
PhenoAge acceleration, years * —6.51 (4.28) —4.43 (5.09) —6.54 (4.25) <0.001

Abbreviation: CMM, cardiometabolic multimorbidity; KDM-BA, Klemera-Doubal method biological age; Phe-
noAge, phenotypic age. Data are expressed as mean (standard deviation) or numbers (percentage). *, High eco-
nomic level was defined as Townsend Deprivation Index < —2.30 (median value) while low economic level was de-
fined as Townsend Deprivation Index > —2.30. #, The assessment of biological age included 234,184 participants.
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3.2. BRI Serves as an Effective Predictor for CMM

After conducting multivariable-adjusted RCS analysis (Figure 2), a significant non-
linear association between BRI and incident CMM was observed (p for nonlinear < 0.001).
Given that no clear cutoff points have been established, BRI was categorized into quar-
tiles, with Q1 representing the lowest and Q4 the highest. Compared with participants in
BRI-Q1, those in Q2 (HR, 1.57; 95% CI, 1.40-1.76), Q3 (HR, 2.16; 95% CI, 1.94-2.41) and Q4
(HR, 3.72; 95% CI, 3.35-4.13) exhibited significantly increased risk of CMM (Table 2). The
association between BMI and CMM risk is shown in Figure S1 and Table S3. We further cal-
culated the AUC to assess the discriminatory capacities of BRI and BMI in predicting CMM
(Figure S2). The results shown that BRI demonstrated superior performance (AUC, 0.701;
95% CI, 0.694-0.707) compared with BMI (AUC, 0.657; 95% CI, 0.650-0.664), with the
difference achieving statistically significant (p for difference in AUC < 0.001).

=)
— — N
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P for overall <0.001
- P for nonlinear < 0.001 v
| s
S
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| o
=
-]
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=
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Body roundness index

Figure 2. The relationship of body roundness index with cardiometabolic multimorbidity risk
after full adjustment (N = 342,437). The solid curve line represents the effect-size estimates for the
association, and the light shadow represents the 95% confidence interval. All models were adjusted
for age (<60, >60 years), sex (female, male), race, education (college degree or above, high school
or below), Townsend Deprivation Index (low economic level, high economic level), smoking status
(never, previous, or current), moderate alcohol consumption (yes, no), IPAQ (low, moderate, or high),
baseline hypertension (yes, no), and baseline dyslipidemia (yes, no).
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Table 2. Association of body roundness index with the risk of cardiometabolic multimorbidity
(N =342,437).

Body Roundness Case Model I Model IT Model IT1
Index HR (95% CI) p-Value HR (95% CI) p-Value HR (95% CI) p-Value
Q1 443 Reference - Reference - Reference -
Q2 940 1.70 (1.52,1.91) <0.001 1.66 (1.48,1.86) <0.001 1.57 (1.40, 1.76) <0.001
Q3 1592 2.61 (2.34, 2.90) <0.001 245 (2.20,2.73) <0.001 2.16 (1.94, 2.41) <0.001
Q4 3181 5.28 (4.77,5.84) <0.001 4.69 (4.24, 5.20) <0.001 3.72 (3.35,4.13) <0.001

Abbreviations: HR—hazard ratio; CI—confidence interval; Q—quantile. Model I: Adjusted for age (<60,
>60 years), sex (female, male), and race. Model II: Adjusted for the variables in Model I and education (college
degree or above, high school or below), socioeconomic status (low economic level, high economic level), smoking
status (never, previous, or current), moderate alcohol intake (yes, no), and physical activity (low, moderate,
or high). Model III: Adjusted for the variables in Model II and baseline hypertension (yes, no), and baseline
dyslipidemia (yes, no).

3.3. Association Between BRI and Biological Aging

Given that biological aging may play a crucial role in the process of CMM onset
induced by visceral fat accumulation, we further examined the association between BRI and
biological aging. After excluding participants with incomplete data on clinical biomarkers
used to calculate biological age, significant associations between BRI and biological age
acceleration were identified. The R? value from the linear regression for the correlation
between BRI and KDM-BA acceleration was 0.0725, indicating that 7.25% of the variation
in KDM-BA acceleration was explained by changes in BRI in the model. For PhenoAge
acceleration, BRI explained 3.96% of the variation (Figure S3). In the fully adjusted Model
II, participants in Q2, Q3, and Q4 of BRI had significant increases in KDM-BA acceleration
of 2.47 years (95% CI, 2.36-2.57), 4.52 years (95% CI, 4.41-4.63), and 7.33 years (95% CI,
7.21-7.44), compared to those in Q1. Regarding PhenoAge acceleration, the increases
were 0.20 years (95% CI, 0.15-0.25), 0.57 years (95% CI, 0.52-0.62), and 1.51 years (95% CI,
1.46-1.56), respectively (Table S4).

3.4. Association of Biological Aging with Risk of CMM

Table S5 shows the associations of accelerated biological aging with CMM risk. For
each 1-year increase in KDM-BA acceleration, the risk of CMM increased by 4% (95% ClI,
1.04-1.04), while each 1-year increase in PhenoAge acceleration was associated with a 6%
(95% CI, 1.06-1.07) increase in the risk of CMM. The associations remained in models using
quartiles of biological age acceleration, with participants in Q2, Q3 and Q4 of KDM-BA or
PhenoAge acceleration showing a significantly increased risk of CMM compared to those
in Q1.

3.5. Role of Accelerated Biological Aging in the Association of BRI with CMM

Considering that both BRI and accelerated biological aging were potential risk factors
for CMM, we further investigated their joint and interactive effects (Figure 3). Participants
with accelerated biological aging, measured by KDM-BA or PhenoAge acceleration, and
higher BRI indicated significantly higher risks of CMM compared to those with lower BRI
and non-accelerated aging. The HRs (95% Cls) were 3.61 (3.24-4.03) and 3.33 (2.98-3.73),
respectively. In addition, the statistically significant RERI values indicated positive additive
interactions between BRI and biological aging on CMM risk. Specifically, for participants
with higher BRI and accelerated biological aging, the corresponding RERI was 0.92 (95%
CI: 0.65-1.17) when measured by KDM-BA, and 0.75 (95% CI: 0.50-0.99) when measured
by PhenoAge.
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Joint and interactive effects of BRI and KDM-BA acceleration

Case HR (95% CI) P-value
Lower BRI + Non-accelerated aging 403 ' Reference -
Lower BRI + Accelerated aging 507 ' 1.80 (1.58, 2.06) <0.001
Higher BRI + Non-accelerated aging 902 ' - 1.89 (1.68,2.13) <0.001
Higher BRI + Accelerated aging 7 B E —a— 3.61 (3.24,. 4.03) <0.001
f

T T T T T T T 1
05 1.0 115 210 205 300 8% 40 45

HR (95% CI) for CMM

Multiplicative interaction Additive interaction
HR (95% CI) P-value RERI (95% CI) AP (95% CI) SI (95% CI)
1.06 (0.91. 1.23) 0.455 0.92 (0.65. 1.17) 0.25(0.18,0.32) 1.54(1.32. 1.80)

Joint and interactive effects of BRI and PhenoAge acceleration

Case HR (95% CI) P-value
Lower BRI + Non-accelerated aging 383 Reference -
Lower BRI + Accelerated aging 527 ' 1.56 (1.37,1.79) <0.001
Higher BRI + Non-accelerated aging 890 ' —a— 2.01(1.78.2.28) <0.001
Higher BRI + Accelerated aging 2.187 : —a— 3.33(2.98,3.73) <0.001

T f T T T T T 1
05 10 15 20 25 30 35 40

HR (95% CI) for CMM

Multiplicative interaction Additive interaction
HR (95% CT) P-value RERI (95% CT) AP (95% CT) ST (95% CI)
1.06 (0.91, 1.23) 0.471 0.75 (0.50. 0.99) 0.23(0.15,0.30) 1.48 (1.26, 1.73)

Figure 3. Joint and interactive effects of body roundness index and accelerated biological aging
on the risk of cardiometabolic multimorbidity (N = 234,184). Abbreviations: BRI—body round-
ness index; KDM-BA—KIlemera—-Doubal method biological age; HR—hazard ratio; CI—confidence
interval; CMM—cardiometabolic multimorbidity; RERI—relative excess risk due to interaction; AP—
attributable proportion; SI—synergy index; PhenoAge—phenotypic age. All models were adjusted
for age (<60, >60 years), sex (female, male), race, education (college degree or above, high school
or below), Townsend Deprivation Index (low economic level, high economic level), smoking status
(never, previous, or current), moderate alcohol intake (yes, no), IPAQ (low, moderate, or high),
baseline hypertension (yes, no), and baseline dyslipidemia (yes, no).

The total association between BRI and CMM risk was decomposed into direct and
indirect associations mediated by accelerated biological aging, with the results presented
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B, 2.47; 95%ClI, 2.36-2.57

in Figure 4 and Table S6. We observed that, compared to BRI-Q1, 24.26%, 28.49%, and
30.97% of the CMM risk in the Q2, Q3, and Q4 was mediated by KDM-BA acceleration,
with the HR (95% CI) for indirect association of 1.09 (1.08-1.10), 1.17 (1.16-1.19), and 1.29
(1.27-1.32), respectively. Moreover, 3.24%, 6.02%, and 10.83% of the risk was mediated by
PhenoAge acceleration, with the HR (95% CI) for indirect association of 1.01 (1.01-1.01),
1.03 (1.03-1.04), and 1.09 (1.08-1.09), respectively.

KDM-BA
acceleration

Proportion mediated: 24.26%
95%Cl, 17.48%-31.05%

HR, 1.04; 95%ClI, 1.04-1.04
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index (Q2)
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HR, 1.06; 95%ClI, 1.06-1.07
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index (Q4)

HR, 3.41; 95%CI, 3.00-3.87

multimorbidity

Figure 4. Decomposing the total association between body roundness index and cardiometabolic
multimorbidity into direct and indirect associations mediated by accelerated biological aging
(N =234,184). Abbreviations: f—beta coefficient; CI—confidence interval, HR—hazard ratio; Q—
quantile; KDM-BA—KIlemera—-Doubal method biological age; PhenoAge—phenotypic age. All
models were adjusted for age (<60, >60 years), sex (female, male), race, education (college degree
or above, high school or below), Townsend Deprivation Index (low economic level, high economic
level), smoking status (never, previous, or current), moderate alcohol intake (yes, no), IPAQ (low,
moderate, or high), baseline hypertension (yes, no), and baseline dyslipidemia (yes, no).

3.6. Additional and Sensitivity Analyses

Stratified analysis demonstrated that the association between BRI and CMM was
consistently pronounced across all subgroups, including participants with BMI < 30 kg/m?
and BMI > 30 kg/m? (Table S7).

Sensitivity analyses further confirmed the robustness of these findings, with significant
estimates remaining after using a competing risk model accounting for mortality, excluding
participants diagnosed with CMM within 2 years of follow-up, excluding participants with
a history of cancer, excluding those with missing covariate data, and applying an inverse
probability weighted analysis (Tables S8-510).

4. Discussion

In this large-scale, population-based cohort study, two novel findings emerged. Vis-
ceral fat accumulation was identified as a strong risk factor for CMM. More importantly,
compared with BMI, BRI demonstrated superior predictive performance. Furthermore,
individuals with higher BRI and accelerated biological aging exhibited a higher risk of
incident CMM, and accelerated biological aging may serve as a partial mediator in the



Nutrients 2025, 17, 1397

11 0f 15

association between BRI and CMM. Overall, these findings provide valuable insights into
the complex relationship between the BRI, biological aging, and CMM.

Due to the time-consuming, costly, and impractical nature of conventional methods for
visualizing adipose tissue, a simple and effective alternative indicator has been proposed
to assess visceral obesity. Theoretically, assuming body shape approximates an ellipse with
height as the long axis and WC as the short axis, BRI can be calculated as the eccentricity of
the ellipse through human modeling [14]. One thing to add is that BRI can also be useful for
people with higher muscle mass, whose BMI might classify them as overweight, while BRI
provides a clearer picture of their actual health risks. Therefore, we reasonably hypothesize
that BRI provides a more accurate estimation of visceral fat [11].

Several studies have confirmed the associations of BRI with diabetes and CVD inci-
dence across diverse populations. A long-term follow-up study conducted by Liu et al.,
involving 6990 hypertensive adults without diabetes, found that the BRI was superior to
other anthropometric measures in estimating diabetes onset. Furthermore, hypertensive
patients with a BRI > 4.62, regardless of their general obesity status, exhibited an elevated
diabetes risk [12]. A nationally representative cohort study involving individuals with
diabetes or prediabetes in the United States, found that maintaining BRI level at threshold
values significantly reduced risks of adverse outcomes, including all-cause and cardiovas-
cular disease-related mortality [13]. Extending these findings, our study provides evidence
supporting the significance of BRI in potentially contributing to CMM. It is noteworthy that
our study also indicates that BRI outperforms BMI in predicting the incidence of CMM. The
poor performance of BMI may be explained by changes in body composition of patients,
such as increased total fat mass and decreased muscle mass or bone density, which may
result in its classification as normal despite underlying health risks [39,40].

The existing evidence indirectly supports the finding that visceral fat may modulate
aging. Interventions aimed at delaying or restricting adipose tissue turnover, redistribution,
or dysfunction in experimental animals have been demonstrated to be associated with an
extension of maximum healthy lifespan [23]. Also, a secondary analysis of a randomized
clinical trial demonstrated that calorie restriction can delay aging [41], partly by blunting
the production of pro-inflammatory cytokines from adipose tissue [42], thereby improving
adipose tissue metabolic health and function. Additionally, population intervention studies
conducted in adults with obesity found telomere lengthening [43] and a reduction in de-
oxyribonucleic acid methylation age [44]. In our study, established clinical biomarker-based
indicators were utilized to measure biological aging, and a positive correlation between
BRI and both KDM-BA acceleration and PhenoAge acceleration was consistently observed,
providing novel evidence for the association of BRI with biological aging. Epidemiolog-
ical studies suggest that accelerated biological aging may serve as a useful indicator for
identifying high-risk individuals, particularly those predisposed to CMM [45]. Therefore,
our study focuses on whether biological aging plays a significant role in the relationship
between visceral fat accumulation and CMM risk.

Mechanistically, excessive visceral fat disrupts metabolic homeostasis and glucolipid
metabolism while inhibiting insulin signaling and reducing sensitivity, partly due to de-
creased adiponectin levels and leptin resistance [46,47]. The aberrant metabolic process
increases basal lipolysis, leading to the release of free fatty acids, interleukins, and cytokines,
which impair inflammatory responses, endothelial function, and coagulation mechanisms,
thereby exacerbating vascular and cardiac dysfunction [48]. Higher KDM-BA and Phe-
noAge acceleration values, which serve as representative biomarkers of abnormality, reflect
the unhealthy state stemming from multisystem dysregulation [49]. Specifically, KDM-BA
and PhenoAge are composite indices derived from clinical biomarkers that span multiple
physiological domains, including inflammation (e.g., C-reactive protein), immunity (e.g.,
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immune cell counts), and organ function (e.g., albumin) [29,50]. Furthermore, obesity
aggravates immunosenescence by promoting the activation and differentiation of immune
cells within the microvascular environment [51]. Metabolic dysregulation, insulin resis-
tance, and compromised immune function collectively contribute to a pro-aging state that
perpetuates a chronic low-grade inflammatory environment and promotes age-related
vascular pathology [52,53]. Therefore, biological aging emerges as a plausible mechanistic
link between visceral fat accumulation and CMM.

Our findings provide epidemiological support for the biologically plausible hypothesis
that biological aging plays a critical role in the pathway linking visceral fat accumulation to
CMM. We revealed that the higher risk of CMM occurred with higher BRI and accelerated
aging, and that accelerated biological aging partially mediated the relationship between BRI
and CMM. The differences in the mediation proportions between the two aging scales may
be attributed to the distinct quantification methods. As mentioned earlier, KDM-BA models
biological age as the average biological state associated with a particular chronological
age, whereas PhenoAge models biological age as the average biological state associated
with a specific level of mortality risk in the reference population [30]. Furthermore, the
two measures capture distinct aging domains. A genome-wide association study indicated
that genes associated with KDM-BA acceleration were enriched in lipid related pathways,
while genes related to PhenoAge acceleration showed enrichment for pathways involved
in immune system, cell function, and carbohydrate homeostasis [54].

Our findings should be interpreted in the context of some limitations. First, BRI is
a dynamic measure, status transitions over time are possible. Future studies focusing
on the long-term trajectories of BRI in relation to CMM within well-defined cohorts are
imperative, as they will enhance our understanding of the impact and provide more
targeted interventions. Second, considering that the UK Biobank cohort is predominantly
white, caution should be exercised when generalizing our findings to other regions or
racial groups, and further validation is necessary. Third, the relationship between BRI,
biological aging, and CMM were analyzed in a subset of the cohort. However, inverse
probability weighting was employed to adjust the weights of participants in the biological
aging analysis, thereby minimizing potential selection bias and confirming the robustness
of the results.

5. Conclusions

Our findings provide evidence for the application of BRI as a non-invasive and easily
accessible screening tool to estimate the risk of CMM and identify high-risk individuals.
Moreover, this study offers an in-depth insight into the role of accelerated biological aging
in the relationship between BRI and CMM. In summary, our study aims to raise public and
clinical awareness of the BRI as an emerging concept and advocate for effective obesity
management with an emphasis on targeting visceral fat beyond simply maintaining BMI
within the normal range, while also decelerating biological aging to mitigate the risk
of CMM.
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diometabolic multimorbidity (N = 342,437); Table S9: Association between body roundness index and
accelerated biological aging by using inverse probability weighted analysis (N = 234,184); Table 510:
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using inverse probability weighted analysis (N = 234,184).

Author Contributions: T.Z.: Data curation, Software analysis, Formal analysis, Writing—Original
Draft and Review and Editing. Y.T.: Data curation, Writing—Review and Editing. ].W.: Methodol-
ogy, Writing—Review and Editing. Z.W.: Conceptualization, Writing—Review and Editing. W.X.:
Writing—Review and Editing. H.L.: Writing—Review and Editing. X.L.: Writing—Review and
Editing. L.T.: Writing—Review and Editing. X.G.: Funding acquisition. All authors have read and
agreed to the published version of the manuscript.

Funding: This work was supported by the National Natural Science Foundation of China
(No. 82373683).

Institutional Review Board Statement: The UK Biobank study was conducted with approval from
the North West Multi-Centre Research Ethics Committee (MREC) as a Research Tissue Bank (RTB)
(REC reference: 21/NW /0157, 29 June 2021). This study adhered to the ethical principles outlined in
the Declaration of Helsinki. Under the RTB approval, researchers are permitted to conduct analyses
without requiring separate ethical clearance.

Informed Consent Statement: Not applicable.

Data Availability Statement: This study was conducted using the UK Biobank (Application Number
88589). For com-prehensive details on accessing UK Biobank data and the data release schedule,
please visit https:/ /www.ukbiobank.ac.uk, accessed on 22 October 2024. The R code for statistical
analyses may be obtained by contacting the corresponding author.

Acknowledgments: We sincerely appreciate the involvement of all participants and the support from
the UK Biobank management team.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Emerging Risk Factors, C.; Di Angelantonio, E.; Kaptoge, S.; Wormser, D.; Willeit, P.; Butterworth, A.S.; Bansal, N.; O'Keeffe, L.M.;
Gao, P; Wood, A.M,; et al. Association of Cardiometabolic Multimorbidity With Mortality. JAMA 2015, 314, 52—-60. [CrossRef]

2. Zhang, D.; Tang, X; Shen, P; Si, Y.; Liu, X,; Xu, Z.; Wu, J.; Zhang, J.; Lu, P,; Lin, H.; et al. Multimorbidity of cardiometabolic
diseases: Prevalence and risk for mortality from one million Chinese adults in a longitudinal cohort study. BM] Open 2019, 9,
€024476. [CrossRef] [PubMed]

3. Jin, Y, Liang, J.; Hong, C.; Liang, R.; Luo, Y. Cardiometabolic multimorbidity, lifestyle behaviours, and cognitive function: A
multicohort study. Lancet Healthy Longev. 2023, 4, e265—€273. [CrossRef]

4. Dibato, J.E.; Montvida, O.; Zaccardi, F; Sargeant, J.A.; Davies, M.].; Khunti, K.; Paul, S.K. Association of Cardiometabolic
Multimorbidity and Depression with Cardiovascular Events in Early-Onset Adult Type 2 Diabetes: A Multiethnic Study in the
U.S. Diabetes Care 2021, 44, 231-239. [CrossRef] [PubMed]

5. Gerdsts, E.; Regitz-Zagrosek, V. Sex differences in cardiometabolic disorders. Nat. Med. 2019, 25, 1657-1666. [CrossRef] [PubMed]

6. Luo, H; Zhang, Q.; Yu, K,; Meng, X.; Kan, H.; Chen, R. Long-term exposure to ambient air pollution is a risk factor for trajectory
of cardiometabolic multimorbidity: A prospective study in the UK Biobank. EBioMedicine 2022, 84, 104282. [CrossRef]

7. Han, Y,; Hu, Y;; Yu, C.; Guo, Y,; Pei, P; Yang, L.; Chen, Y.; Du, H,; Sun, D.; Pang, Y.; et al. Lifestyle, cardiometabolic disease, and
multimorbidity in a prospective Chinese study. Eur. Heart J. 2021, 42, 3374-3384. [CrossRef]

8.  Kivimaki, M.; Kuosma, E.; Ferrie, J.E.; Luukkonen, R.; Nyberg, S.T.; Alfredsson, L.; Batty, G.D.; Brunner, E.J.; Fransson, E.;

Goldberg, M.; et al. Overweight, obesity, and risk of cardiometabolic multimorbidity: Pooled analysis of individual-level data for
120 813 adults from 16 cohort studies from the USA and Europe. Lancet Public Health 2017, 2, €277-€285. [CrossRef]


https://www.ukbiobank.ac.uk
https://doi.org/10.1001/jama.2015.7008
https://doi.org/10.1136/bmjopen-2018-024476
https://www.ncbi.nlm.nih.gov/pubmed/30833320
https://doi.org/10.1016/S2666-7568(23)00054-5
https://doi.org/10.2337/dc20-2045
https://www.ncbi.nlm.nih.gov/pubmed/33177170
https://doi.org/10.1038/s41591-019-0643-8
https://www.ncbi.nlm.nih.gov/pubmed/31700185
https://doi.org/10.1016/j.ebiom.2022.104282
https://doi.org/10.1093/eurheartj/ehab413
https://doi.org/10.1016/S2468-2667(17)30074-9

Nutrients 2025, 17, 1397 14 of 15

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

Koenen, M.; Hill, M.A.; Cohen, P.; Sowers, J.R. Obesity, Adipose Tissue and Vascular Dysfunction. Circ. Res. 2021, 128, 951-968.
[CrossRef]

Khan, I.; Chong, M.; Le, A.; Mohammadi-Shemirani, P.; Morton, R.; Brinza, C.; Kiflen, M.; Narula, S.; Akhabir, L.; Mao, S.; et al.
Surrogate Adiposity Markers and Mortality. JAMA Netw. Open 2023, 6, €2334836. [CrossRef]

Thomas, D.M.; Bredlau, C.; Bosy-Westphal, A.; Mueller, M.; Shen, W.; Gallagher, D.; Maeda, Y.; McDougall, A.; Peterson, C.M.;
Ravussin, E.; et al. Relationships between body roundness with body fat and visceral adipose tissue emerging from a new
geometrical model. Obesity 2013, 21, 2264-2271. [CrossRef] [PubMed]

Liu, Y,; Liu, X,; Guan, H,; Zhang, S.; Zhu, Q.; Fu, X,; Chen, H.; Tang, S.; Feng, Y.; Kuang, J. Body Roundness Index Is a Superior
Obesity Index in Predicting Diabetes Risk Among Hypertensive Patients: A Prospective Cohort Study in China. Front. Cardiovasc.
Med. 2021, 8, 736073. [CrossRef] [PubMed]

Wang, P; Fan, Y.; Gao, H.; Wang, B. Body roundness index as a predictor of all-cause and cardiovascular mortality in patients
with diabetes and prediabetes. Diabetes Res. Clin. Pract. 2025, 219, 111958. [CrossRef] [PubMed]

Zhang, X.; Ma, N.; Lin, Q.; Chen, K.; Zheng, F; Wu, J.; Dong, X.; Niu, W. Body Roundness Index and All-Cause Mortality Among
US Adults. JAMA Netw. Open 2024, 7, €2415051. [CrossRef]

Kennedy, B.K,; Berger, S.L.; Brunet, A.; Campisi, J.; Cuervo, A.M.; Epel, E.S.; Franceschi, C.; Lithgow, G.J.; Morimoto, R.I.; Pessin,
J.E.; et al. Geroscience: Linking aging to chronic disease. Cell 2014, 159, 709-713. [CrossRef]

Li, X.; Ploner, A.; Wang, Y.; Magnusson, PK.; Reynolds, C.; Finkel, D.; Pedersen, N.L.; Jylhava, J.; Hagg, S. Longitudinal trajectories,
correlations and mortality associations of nine biological ages across 20-years follow-up. Elife 2020, 9, e51507. [CrossRef]
Klemera, P.; Doubal, S. A new approach to the concept and computation of biological age. Mech. Ageing Dev. 2006, 127, 240-248.
[CrossRef]

Levine, M.E. Modeling the rate of senescence: Can estimated biological age predict mortality more accurately than chronological
age? J. Gerontol. A Biol. Sci. Med. Sci. 2013, 68, 667—674. [CrossRef]

He, Y; Jia, Y,; Li, Y.; Wan, Z,; Lei, Y.; Liao, X.; Zhao, Q.; Li, D. Accelerated biological aging: Unveiling the path to cardiometabolic
multimorbidity, dementia, and mortality. Front. Public Health 2024, 12, 1423016. [CrossRef]

Wang, J.C.; Bennett, M. Aging and atherosclerosis: Mechanisms, functional consequences, and potential therapeutics for cellular
senescence. Circ. Res. 2012, 111, 245-259. [CrossRef]

Zhernakova, D.V,; Sinha, T.; Andreu-Sanchez, S.; Prins, ].R.; Kurilshikov, A.; Balder, ].W.; Sanna, S.; Lifelines Cohort, S.; Franke, L.;
Kuivenhoven, J.A,; et al. Age-dependent sex differences in cardiometabolic risk factors. Nat. Cardiovasc. Res. 2022, 1, 844-854.
[CrossRef] [PubMed]

Trim, W.; Turner, ].E.; Thompson, D. Parallels in Immunometabolic Adipose Tissue Dysfunction with Ageing and Obesity. Front.
Immunol. 2018, 9, 169. [CrossRef]

Tchkonia, T.; Morbeck, D.E.; Von Zglinicki, T.; Van Deursen, J.; Lustgarten, J.; Scrable, H.; Khosla, S.; Jensen, M.D.; Kirkland, J.L.
Fat tissue, aging, and cellular senescence. Aging Cell 2010, 9, 667—-684. [CrossRef] [PubMed]

Sudlow, C.; Gallacher, J.; Allen, N.; Beral, V.; Burton, P; Danesh, ].; Downey, P; Elliott, P.; Green, J.; Landray, M.; et al. UK biobank:
An open access resource for identifying the causes of a wide range of complex diseases of middle and old age. PLoS Med. 2015,
12, €1001779. [CrossRef]

Xie, H.; Li, J.; Zhu, X,; Li, J.; Yin, J.; Ma, T,; Luo, Y;; He, L.; Bai, Y.; Zhang, G.; et al. Association between healthy lifestyle and the
occurrence of cardiometabolic multimorbidity in hypertensive patients: A prospective cohort study of UK Biobank. Cardiovasc.
Diabetol. 2022, 21, 199. [CrossRef]

Townsend, P. Deprivation. J. Soc. Policy 1987, 16, 125-146. [CrossRef]

Zhang, N.; Liu, X.; Wang, L.; Zhang, Y.; Xiang, Y.; Cai, ].; Xu, H.; Xiao, X.; Zhao, X. Lifestyle factors and their relative contributions
to longitudinal progression of cardio-renal-metabolic multimorbidity: A prospective cohort study. Cardiovasc. Diabetol. 2024, 23,
265. [CrossRef]

Jiang, Z.; Zhang, S.; Chen, K.; Wu, Y.; Zeng, P.; Wang, T. Long-term influence of air pollutants on morbidity and all-cause mortality
of cardiometabolic multi-morbidity: A cohort analysis of the UK Biobank participants. Environ. Res. 2023, 237, 116873. [CrossRef]
Liu, Z.; Kuo, PL.; Horvath, S.; Crimmins, E.; Ferrucci, L.; Levine, M. A new aging measure captures morbidity and mortality risk
across diverse subpopulations from NHANES IV: A cohort study. PLoS Med. 2018, 15, €1002718. [CrossRef]

Kwon, D.; Belsky, D.W. A toolkit for quantification of biological age from blood chemistry and organ function test data: BioAge.
Geroscience 2021, 43, 2795-2808. [CrossRef]

Gao, X.; Geng, T.; Jiang, M.; Huang, N.; Zheng, Y.; Belsky, D.W.; Huang, T. Accelerated biological aging and risk of depression
and anxiety: Evidence from 424,299 UK Biobank participants. Nat. Commun. 2023, 14, 2277. [CrossRef] [PubMed]

Chen, L.; Wu, B.; Mo, L.; Chen, H.; Zhao, Y,; Tan, T.; Chen, L.; Li, Y.; Yao, P,; Tang, Y. Associations between biological ageing
and the risk of, genetic susceptibility to, and life expectancy associated with rheumatoid arthritis: A secondary analysis of two
observational studies. Lancet Healthy Longev. 2024, 5, e45-e55. [CrossRef] [PubMed]

Hosmer, D.W.; Lemeshow, S. Confidence interval estimation of interaction. Epidemiology 1992, 3, 452—-456. [CrossRef]


https://doi.org/10.1161/CIRCRESAHA.121.318093
https://doi.org/10.1001/jamanetworkopen.2023.34836
https://doi.org/10.1002/oby.20408
https://www.ncbi.nlm.nih.gov/pubmed/23519954
https://doi.org/10.3389/fcvm.2021.736073
https://www.ncbi.nlm.nih.gov/pubmed/34869638
https://doi.org/10.1016/j.diabres.2024.111958
https://www.ncbi.nlm.nih.gov/pubmed/39675484
https://doi.org/10.1001/jamanetworkopen.2024.15051
https://doi.org/10.1016/j.cell.2014.10.039
https://doi.org/10.7554/eLife.51507
https://doi.org/10.1016/j.mad.2005.10.004
https://doi.org/10.1093/gerona/gls233
https://doi.org/10.3389/fpubh.2024.1423016
https://doi.org/10.1161/CIRCRESAHA.111.261388
https://doi.org/10.1038/s44161-022-00131-8
https://www.ncbi.nlm.nih.gov/pubmed/39196077
https://doi.org/10.3389/fimmu.2018.00169
https://doi.org/10.1111/j.1474-9726.2010.00608.x
https://www.ncbi.nlm.nih.gov/pubmed/20701600
https://doi.org/10.1371/journal.pmed.1001779
https://doi.org/10.1186/s12933-022-01632-3
https://doi.org/10.1017/S0047279400020341
https://doi.org/10.1186/s12933-024-02347-3
https://doi.org/10.1016/j.envres.2023.116873
https://doi.org/10.1371/journal.pmed.1002718
https://doi.org/10.1007/s11357-021-00480-5
https://doi.org/10.1038/s41467-023-38013-7
https://www.ncbi.nlm.nih.gov/pubmed/37080981
https://doi.org/10.1016/S2666-7568(23)00220-9
https://www.ncbi.nlm.nih.gov/pubmed/38081205
https://doi.org/10.1097/00001648-199209000-00012

Nutrients 2025, 17, 1397 15 of 15

34.
35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

VanderWeele, T.J. Causal mediation analysis with survival data. Epidemiology 2011, 22, 582-585. [CrossRef]

Tian, X.; Chen, S.; Wang, P.; Xu, Q.; Zhang, Y.; Luo, Y.; Wu, S.; Wang, A. Insulin resistance mediates obesity-related risk of
cardiovascular disease: A prospective cohort study. Cardiovasc. Diabetol. 2022, 21, 289. [CrossRef] [PubMed]

Shi, B.; Choirat, C.; Coull, B.A.; VanderWeele, T.].; Valeri, L. CMAverse: A Suite of Functions for Reproducible Causal Mediation
Analyses. Epidemiology 2021, 32, e20—e22. [CrossRef]

Austin, P.C.; Lee, D.S.; Fine, ].P. Introduction to the Analysis of Survival Data in the Presence of Competing Risks. Circulation
2016, 133, 601-609. [CrossRef]

Liang, R.; Fan, L.; Lai, X.; Shi, D.; Wang, H.; Shi, W.; Liu, W,; Yu, L.; Song, J.; Wang, B. Air pollution exposure, accelerated
biological aging, and increased thyroid dysfunction risk: Evidence from a nationwide prospective study. Environ. Int. 2024, 188,
108773. [CrossRef] [PubMed]

Heshka, S.; Ruggiero, A.; Bray, G.A.; Foreyt, ].; Kahn, S.E.; Lewis, C.E.; Saad, M.; Schwartz, A.V.; Look, A.R.G. Altered body
composition in type 2 diabetes mellitus. Int. ]. Obes. 2008, 32, 780-787. [CrossRef]

Choi, S.I; Chung, D.; Lim, ].S.; Lee, M.Y.; Shin, ].Y.; Chung, C.H.; Huh, ].H. Relationship between Regional Body Fat Distribution
and Diabetes Mellitus: 2008 to 2010 Korean National Health and Nutrition Examination Surveys. Diabetes Metab. |. 2017, 41,
51-59. [CrossRef]

Belsky, D.W.; Huffman, K.M.; Pieper, C.E; Shalev, I.; Kraus, W.E. Change in the Rate of Biological Aging in Response to Caloric
Restriction: CALERIE Biobank Analysis. J. Gerontol. A Biol. Sci. Med. Sci. 2017, 73, 4-10. [CrossRef] [PubMed]

Fabbiano, S.; Suarez-Zamorano, N.; Rigo, D.; Veyrat-Durebex, C.; Stevanovic Dokic, A.; Colin, D.J.; Trajkovski, M. Caloric
Restriction Leads to Browning of White Adipose Tissue through Type 2 Immune Signaling. Cell Metab. 2016, 24, 434-446.
[CrossRef] [PubMed]

Mason, A.E.; Hecht, EM.; Daubenmier, ].J.; Sbarra, D.A.; Lin, ].; Moran, PJ.; Schleicher, S.G.; Acree, M.; Prather, A.A.; Epel, E.S.
Weight Loss Maintenance and Cellular Aging in the Supporting Health Through Nutrition and Exercise Study. Psychosom. Med.
2018, 80, 609-619. [CrossRef]

Petersen, C.L.; Christensen, B.C.; Batsis, ].A. Weight management intervention identifies association of decreased DNA methyla-
tion age with improved functional age measures in older adults with obesity. Clin. Epigenetics 2021, 13, 46. [CrossRef]

Jiang, M.; Tian, S.; Liu, S.; Wang, Y.; Guo, X.; Huang, T.; Lin, X.; Belsky, D.W.; Baccarelli, A.A.; Gao, X. Accelerated biological aging
elevates the risk of cardiometabolic multimorbidity and mortality. Nat. Cardiovasc. Res. 2024, 3, 332-342. [CrossRef] [PubMed]
Piche, M.E.; Tchernof, A.; Despres, J.P. Obesity Phenotypes, Diabetes, and Cardiovascular Diseases. Circ. Res. 2020, 126, 1477-1500.
[CrossRef]

Neeland, L].; Turer, A.T.; Ayers, C.R.; Powell-Wiley, TM.; Vega, G.L.; Farzaneh-Far, R.; Grundy, S.M.; Khera, A.; McGuire, D.K,; de
Lemos, J.A. Dysfunctional adiposity and the risk of prediabetes and type 2 diabetes in obese adults. JAMA 2012, 308, 1150-1159.
[CrossRef]

Grundy, S.M. Obesity, metabolic syndrome, and cardiovascular disease. . Clin. Endocrinol. Metab. 2004, 89, 2595-2600. [CrossRef]
Pan, L.; Liu, Y;; Huang, C.; Huang, Y.; Lin, R.; Wei, K,; Yao, Y.; Qin, G.; Yu, Y. Association of accelerated phenotypic aging, genetic
risk, and lifestyle with progression of type 2 diabetes: A prospective study using multi-state model. BMC Med. 2025, 23, 62.
[CrossRef]

Chen, L.; Zhao, Y.; Liu, F,; Chen, H.; Tan, T.; Yao, P; Tang, Y. Biological aging mediates the associations between urinary metals
and osteoarthritis among U.S. adults. BMC Med. 2022, 20, 207. [CrossRef]

Costa, D.G.; Ferreira-Marques, M.; Cavadas, C. Lipodystrophy as a target to delay premature aging. Trends. Endocrinol. Metab.
2024, 35, 97-106. [CrossRef] [PubMed]

Pietri, P; Stefanadis, C. Cardiovascular Aging and Longevity: JACC State-of-the-Art Review. J. Am. Coll Cardiol. 2021, 77, 189-204.
[CrossRef] [PubMed]

Ungvari, Z.; Tarantini, S.; Sorond, F.; Merkely, B.; Csiszar, A. Mechanisms of Vascular Aging, A Geroscience Perspective: JACC
Focus Seminar. J. Am. Coll Cardiol. 2020, 75, 931-941. [CrossRef] [PubMed]

Kuo, C.L,; Pilling, L.C,; Liu, Z.; Atkins, J.L.; Levine, M.E. Genetic associations for two biological age measures point to distinct
aging phenotypes. Aging Cell 2021, 20, e13376. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1097/EDE.0b013e31821db37e
https://doi.org/10.1186/s12933-022-01729-9
https://www.ncbi.nlm.nih.gov/pubmed/36564775
https://doi.org/10.1097/EDE.0000000000001378
https://doi.org/10.1161/CIRCULATIONAHA.115.017719
https://doi.org/10.1016/j.envint.2024.108773
https://www.ncbi.nlm.nih.gov/pubmed/38810493
https://doi.org/10.1038/sj.ijo.0803802
https://doi.org/10.4093/dmj.2017.41.1.51
https://doi.org/10.1093/gerona/glx096
https://www.ncbi.nlm.nih.gov/pubmed/28531269
https://doi.org/10.1016/j.cmet.2016.07.023
https://www.ncbi.nlm.nih.gov/pubmed/27568549
https://doi.org/10.1097/PSY.0000000000000616
https://doi.org/10.1186/s13148-021-01031-7
https://doi.org/10.1038/s44161-024-00438-8
https://www.ncbi.nlm.nih.gov/pubmed/39196113
https://doi.org/10.1161/CIRCRESAHA.120.316101
https://doi.org/10.1001/2012.jama.11132
https://doi.org/10.1210/jc.2004-0372
https://doi.org/10.1186/s12916-024-03832-y
https://doi.org/10.1186/s12916-022-02403-3
https://doi.org/10.1016/j.tem.2023.10.006
https://www.ncbi.nlm.nih.gov/pubmed/37968143
https://doi.org/10.1016/j.jacc.2020.11.023
https://www.ncbi.nlm.nih.gov/pubmed/33446313
https://doi.org/10.1016/j.jacc.2019.11.061
https://www.ncbi.nlm.nih.gov/pubmed/32130929
https://doi.org/10.1111/acel.13376

	Introduction 
	Materials and Methods 
	Study Population 
	BRI Definition 
	Ascertainment of Outcome 
	Definitions of Covariates 
	Biological Aging Assessment 
	Statistical Analysis 

	Results 
	Baseline Characteristics 
	BRI Serves as an Effective Predictor for CMM 
	Association Between BRI and Biological Aging 
	Association of Biological Aging with Risk of CMM 
	Role of Accelerated Biological Aging in the Association of BRI with CMM 
	Additional and Sensitivity Analyses 

	Discussion 
	Conclusions 
	References

