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Abstract

Background
The association between BMI and and the risk of T2DM in perimenopausal women remains insufficient.
This study aims to systematically explore the prospective relationship between BMI, its changes, and the
incidence of T2DM in a Chinese cohort of perimenopausal women.

Methods
The study based on the CHARLS, enrolled diabetes-free perimenopausal women across five survey
waves (2011–2020). The outcome was new-onset T2DM during follow-up. The exposure variables
included baseline BMI status, its change patterns and relative BMI changes during the perimenopausal
period. Cox proportional hazards regression model were used to analyze the association of both
continuous BMI and its dynamic changes with T2DM risk, and the accelerated failure time (AFT) model
was used to analyze the impact of BMI categories on the onset time. All models incorporated sequential
adjustment for covariates including demographics, socioeconomic status, behaviors, and depressive
symptoms.

Results
A total of 1325 perimenopausal women were included and 150 of them developed new-onset diabetes.
Cox regression analysis revealed that each 1 kg/m² increase in BMI was associated with an 11.6%
increased risk of T2DM (HR = 1.116, 95% CI: 1.073 to 1.161), with restricted cubic spline analysis
confirming a continuous dose-response relationship (P < 0.001). Meanwhile, the AFT model showed that
diabetes onset was 45.2% and 66.6% earlier in the overweight and obese groups than in the
underweight/normal weight group, respectively. Among 579 women with repeated BMI assessments,
maintaining normal weight during perimenopause was associated with a 69% lower risk of diabetes (HR 
= 0.31, 95% CI: 0.13 to 0.73) relative to persistent obesity. However, no significant association was found
between relative BMI change with a threshold of ± 3%, ± 5% and the risk of diabetes.

Conclusion
In perimenopausal women, higher BMI is an independent risk factor for T2DM and accelerates the onset
of T2DM. Maintaining a normal weight throughout this stage significantly reduces future diabetes risk,
underscoring the critical importance of long - term weight management during perimenopause for
diabetes prevention in this population.
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Type 2 Diabetes mellitus (T2DM) is a chronic metabolic disorder characterized by dysregulation of
insulin metabolism and is widely recognized as one of the major global public health challenges[1].
Epidemiological data indicate that the prevalence of diabetes among the global population aged 20–79
years is approximately 9.09%[2], with a higher prevalence observed in women (10.5%)[3]. While prior
research has predominantly focused on classical metabolic mechanisms such as insulin resistance,
increasing attention has been directed toward the association between female-specific reproductive
endocrine features and metabolic health.

Perimenopause represents a critical transitional phase from reproductive to non-reproductive status in
women. During this period, declining estrogen levels trigger significant metabolic remodeling, including
alterations in body fat distribution, activation of inflammatory factors, lipid metabolism disorders, and
reduced insulin sensitivity -- collectively forming a key pathological basis for the development of
T2DM[4]. Compared with other physiological stages, perimenopausal women exhibit an elevated risk of
T2DM[5, 6], a phenomenon closely linked to hormone-driven increases in metabolic syndrome
susceptibility[4]. Furthermore, epidemiological evidence demonstrates that abnormal age at menopause
(whether premature or delayed) is significantly associated with T2DM risk, suggesting a potential
interrelationship between reproductive endocrine changes and glucose metabolism dysregulation[7].

Much of the excess T2DM risk associated with these perimenopausal metabolic changes is mediated by
or reflected in changes in body weight and fat distribution. Consequently, Body Mass Index (BMI), as a
core metric for assessing obesity, is closely associated with the risk of incident T2DM in this population.
Dynamic BMI changes during the perimenopausal period exhibit stage-specific patterns[8, 9], with
elevated BMI serves as a critical biomarker reflecting adipose tissue accumulation and its disruptive
impact on metabolic homeostasis[10]. Notably, long-term patterns of BMI change can more accurately
reflect the cumulative metabolic risk burden compared with single-timepoint BMI measurements[11, 12].

In longitudinal BMI studies, existing literature shows methodological divergence in characterizing
dynamic weight changes: some studies focus on BMI status temporal evolution patterns[13–16] or
transitions between BMI categories[17] to reveal individual phenotypic trajectory heterogeneity, while
others emphasize quantifying weight change magnitude to clarify associations between change extent
and health outcomes[18–20]. Notably, these two approaches have been predominantly applied
seperately without systematic integration. This study innovatively synthesizes both perspectives to
comprehensively delineate BMI dynamics in perimenopausal women: (1) capturing directional patterns
of weight change through transitions in BMI categories over time, and (2) defining relative BMI change to
reflect the magnitude of BMI fluctuation.

Given the rising prevalence of diabetes and the unique metabolic vulnerability of perimenopausal
women, existing evidence exhibits notable limitations. Most longitudinal studies have predominantly
focused on middle-aged or the elderly[15, 21] or broadly defined populations[22], thereby failing to
systematically elucidate the associations between BMI -- including its baseline status, dynamic patterns,

Page 3/19



and relative BMI changes -- and T2DM risk specifically within the perimenopausal physiological
transition period.

To address this gap, concentrating on perimenopausal women to comprehensively investigate the
temporal relationships between BMI characteristics and T2DM incidence is essential. Identifying
clinically meaningful weight-change thresholds would not only facilitate the identification of high-risk
individuals and refinement of risk prediction tools but also provide evidence-based foundations for
precise interventions during this critical window, ultimately holding substantial public health significance
for mitigating the lifelong metabolic disease burden in women.

Methods

Data Source
The China Health and Retirement Longitudinal Study (CHARLS) is a nationally representative prospective
cohort study targeting Chinese adults aged ≥ 45 years from 150 counties across 28 provinces. Data were
collected through face-to-face household interviews, covering demographics, socioeconomic status,
family structure, and health-related variables. The baseline survey was initiated in 2011, with follow-up
surveys conducted biennially through 2020 (in 2013, 2015, 2018, and 2020). The present analysis utilized
longitudinal data spanning all five survey waves.

Study design and participants
This study focused on perimenopausal women. Based on previous research, perimenopause is defined
as the reproductive aging stage that begins with the menopausal transition (typically lasting 2 to 8 years,
averaging approximately 4 years) and continues until 12 months after the final menstrual period[23]
(Figure S1). In the CHARLS dataset, perimenopausal status was ascertained using two survey items:
“DA027. Have you started menopause?” and “DA028_1. In which year did your menopause begin?”
Women who reported not having reached menopause in an earlier wave but subsequently reported
menopause onset in a later wave were classified as perimenopausal at the time of the prior survey
based on their responses to DA027. Additionally, women whose self-reported year of menopause onset
(from DA028_1) matched the calendar year of the survey were designated as perimenopausal during
that wave. The operational definition and detailed screening process is presented in Fig. 1.

From this cohort, participants were excluded if they met any of the following criteria at Wave 1 (T1): age 
< 30 or > 60 years, missing BMI data, self-reported diagnosis of T2DM, or loss to follow-up after T1. This
resulted in a final analytical sample of 1325 women, with T1 serving as the baseline for examining the
association between baseline BMI and incident T2DM risk. These participants were followed until their
last survey participation.
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Subsequently, within this subset, further exclusions were applied for missing BMI data, self-reported
T2DM at Wave 2 (T2), or loss to follow-up after T2. Ultimately, 579 women remained, with T2 redefined
as the new baseline, to investigate the association between BMI changes during the perimenopause and
subsequent incident T2DM risk. The participant flow is summarized in Fig. 2.

Outcome variables
The study outcome was incident type 2 diabetes mellitus (T2DM). Diabetes status was ascertained
using self-reported data from CHARLS, applying the following criteria: prior clinical diagnosis of T2DM by
a healthcare institution, current regular use of oral hypoglycemic agents, or current insulin therapy.
Participants meeting any one of these criterion were classified as having T2DM. For incident case
identification, the time of T2DM onset was estimated as the midpoint between the last survey wave
reporting absence of diabetes and the first wave reporting diabetes diagnosis or treatment initiation.
Survival time (time-to-event) was calculated as the interval (in years) from baseline assessment to the
estimated onset data. For participants remaining diabetes-free throughout follow-up, survival time was
right-censored at the date of their last valid follow-up survey.

Exposure assessment
BMI and its change patterns were the primary exposures in this study. BMI was calculated by standard
formula: BMI = weight (kg) / [height (m)]², expressed in kg/m². BMI classification adhered to the criteria
for Chinese adults established by the China Working Group on Obesity[24], dividing individuals into four
groups: underweight group (BMI < 18.5kg/m²), normal weight group (18.5 ≤ BMI < 24.0kg/m²), overweight
group (24.0 ≤ BMI < 28.0kg/m²), and obese group (BMI ≥ 28.0kg/m²). In our study, underweight
participants were merged with the normal weight group due to their low prevalence of 2.6%. Developed
based on Chinese-specific body composition and metabolic risk profiles, this classification is widely
used in epidemiological studies of chronic disease risk in Chinese cohorts[24, 25].

Based on BMI data from two time points and consistent with prior research, we defined the following
BMI change patterns[17]: (1) stable normal weight (maintained underweight or normal weight at both
time points), (2) maximal overweight (overweight at one time point and non-obese at the other), (3)
obese to non-obese (obese at the first time point and non-obese at the second), (4) non-obese to obese
(non-obese at the first time point and obese at the second), and (5) stable obese (persistently obese at
both time points). Additionally, we calculates relative BMI change using BMI data from two time points:
BMI change (%) = (BMI2 - BMI1)/BMI1×100%. Relative BMI changes were categorized into five groups[18,
26]: significant decrease (change≤-5%), moderate decrease (-5%<change≤-3%), stable (absolute change 
< 3%), moderate increase (3%≤ change < 5%), and significant increase (change ≥ 5%).

Covariates
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Based on literature review and causal inference framework, we constructed a directed acyclic graph
(DAG) using DAGitty software to identify the minimally sufficient adjustment set (MSA) for controlling
confounding bias[27]. The MSA, validated by the back-door criterion, includes sociodemographic
variables (age, ethnicity, economic status, educational level, marital status, and residence type),
behavioral and lifestyle factors (smoking status, drinking status, physical activity, and sleep duration),
and health indicators (depressive symptoms), as showed in Figure S3

Age was treated as a continuous variable, whereas all other variables were analyzed as categorical.
Ethnicity was categorized as Han Chinese or ethnic minority. Educational attainment was classified into
four levels: illiterate, primary school or below, junior high school, and senior high school or above. Marital
status was classified as married or cohabiting versus other statuses including separated, divorced,
widowed, or never married. Residence type was defined as urban or rural. Economic status was
evaluated based on household consumption expenditure and stratified into four quartiles: low, lower-
middle, upper-middle, and high economic status. Smoking status was categorized as never smoked
versus ever/current smoker. Drinking status was categorized as never drank versus ever/current drinker.
Physical activity was defined as active if participants engaged in at least one session of moderate- or
vigorous-intensity activity per month, otherwise, they were classified as inactive[28]. Sleep duration was
categorized into three groups based on criteria widely adopted in epidemiological and large cohort
studies: short (< 7 hours), normal (7–8 hours), and long (> 8 hours) night-time sleep duration[29].
Depressive symptoms were assessed using the 10-item Center for Epidemiologic Studies Depression
Scale (CESD-10), which evaluates the frequency of depressive symptoms experienced over the past
week across 10 items. Total scores range from 0 to 30, with a score of ≥ 10 indicating the presence of
depressive symptoms and < 10 indicating absence.

Missing covariates were handled using multiple imputation (MI)[30, 31]. The imputation procedure was
configured to generate five complete datasets (m = 5) with the number of iterations set to 10 (maxit = 
10). Finally, parameter estimates and standard errors were pooled according to Rubin's rules. The
proportions of missing values for each variable are summarized in Table S1 and Table S3.

Statistical analysis
Baseline continuous variables were summarized as mean±standard deviation (SD) and compared
between groups using independent samples t-test. Categorical variables were presented as frequency
(percentage), with group differences assessed by chi-square test for unordered categories and Mann-
Whitney U test for ordinal variables.

Associations of baseline BMI and BMI change patterns with T2DM risk were evaluated using Cox
proportional hazards regression, reporting results as hazard ratios (HRs) with 95% confidence intervals
(95%CIs). The restricted cubic spline (RCS) model with knots at stadard BMI cut-offs for normal weight,
overweight, and obesity was used to assess dose-response relationships. Both overall and non-linearity
p-values are reported. Kaplan-Meier curves for categorical BMI groups crossed, and Schoenfeld residual

Page 6/19



testing confirmed violation of the proportional hazards (PH) assumption for categorical BMI, ethnicity,
and smoking status (P < 0.05, Supplementary Figs. 7). Consequently, the Accelerated Failure Time (AFT)
model was used to estimate the association between baseline categorical BMI and T2DM risk.

Because the missing data proportion of the physical activity variable exceeded 30%[32], and following
methodological recommendations cautious handling of variables with substantial missingness, this
variable was excluded from subsequent sensitivity analyses to evaluate the robustness of the primary
findings under scenarios excluding extreme missingness. Additionally, underweight individuals were
excluded for sensitivity analysis.

Four sequential models were fitted. Model 1 was unadjusted. Model 2 adjusted for sociodemographic
variables (age, ethnicity, economic level, education level, marital status, and residence type). Model 3
further adjusted for behavioral and lifestyle factors (smoking status, drinking status, physical activity and
sleep duration). Model 4 additionally adjusted for depressive symptoms. The PH assumption was
evaluated using the Schoenfeld residuals test. For variables violating it, stratified Cox regression was
performed. All statistical analyses were conducted using R software (v4.5.1), and two-sided P < 0.05
considered significant.

Results

Baseline Characteristics of the Study Population
A total of 1325 perimenopausal women were included in analysis 1. During the follow-up period, 150
(11.32%) women developed incident T2DM, whereas 1,175 remained diabetes-free. The mean age was
50.6 ± 3.5 years in the T2DM group and 50.0 ± 3.4 years in the non-T2DM group, and this difference was
statistically significant (P < 0.001). The incidence of T2DM in overweight and obese individuals was
significantly higher than that in underweight or normal weight individuals, with rates of 40.67% in the
overweight group, 33.33% in the obese group, and 26.00% in the underweight/normal weight group (P < 
0.001), refer to Table 1 for details.
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Table 1
Demographic characteristics of participants

Characteristics Total

(n = 1325)

non-T2DM

(n = 1175)

T2DM

(n = 150)

P value

BMI 24.7 ± 3.7 24.5 ± 3.6 26.3 ± 3.8 < 0.001

BMI_C       < 0.001

underweight/normal weight group 579(43.70%) 540(45.96%) 39(26.00%)  

overweight group 512(38.64%) 451(38.38%) 61(40.67%)  

obese group 234(17.66%) 184(15.66%) 50(33.33%)  

age (years) 50.0 ± 3.4 50.0 ± 3.4 50.6 ± 3.5 0.036

ethnicity       0.377

Han Chinese 1237(93.36%) 1100(93.62%) 137(91.33%)  

ethnic minorities 88(6.64%) 75(6.38%) 13(8.67%)  

economic       0.511

low economic status 260(25.05%) 226(24.54%) 34(29.06%)  

lower-middle economic status 259(24.95%) 235(25.52%) 24(20.51%)  

upper-middle economic status 259(24.94%) 226(24.54%) 33(28.21%)  

high economic status 260(25.05%) 234(25.41%) 26(22.22%)  

education       0.792

illiterate 295(22.26%) 253(21.53%) 42(28.00%)  

primary or below 523(39.47%) 478(40.68%) 45(30.00%)  

junior high 339(25.58%) 295(25.11%) 44(29.33%)  

senior high or above 168(12.68%) 149(12.68%) 19(12.67%)  

marital status        

married/cohabiting 1268(95.70%) 1129(96.09%) 139(92.67%) 0.084

other situations 57(4.30%) 46(3.91%) 11(7.33%)  

residence type       > 0.999

urban 479(36.15%) 425(36.17%) 54(36.00%)  

rural 846(63.85%) 750(63.83%) 96(64.00%)  

smoking status       0.200
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Characteristics Total

(n = 1325)

non-T2DM

(n = 1175)

T2DM

(n = 150)

P value

never 1253(94.57%) 1115(94.89%) 138(92.00%)  

ever/current 72(5.43%) 60(5.11%) 12(8.00%)  

drinking status       0.390

never 1065(80.38%) 940(80.00%) 125(83.33%)  

ever/current 260(19.62%) 235(20.00%) 25(16.67%)  

physical activity       0.426

active 481(76.59%) 444(77.08%) 37(71.15%)  

inactive 147(23.41%) 132(22.92%) 15(28.85%)  

sleep duration       0.448

<7h 547(41.82%) 492(42.34%) 55(37.67%)  

7 ~ 8h 661(50.54%) 580(49.91%) 81(55.48%)  

>8h 100(7.65%) 90(7.75%) 10(6.85%)  

Depressive symptoms       0.703

No 789(59.77%) 702(60.00%) 87(58.00%)  

Yes 531(40.23%) 468(40.00%) 63(42.00%)  

Continuous BMI and the risk of T2DM
The restricted cubic spline (RCS) analysis depicted a continuous, positive dose-response relationship
between BMI and the risk of incident T2DM (Poverall<0.001, Pnon−linear>0.05, Figure S6), confirming that
T2DM risk rises progressively with increasing BMI without evidence of threshold effects or curvature.
Cox proportional hazards regression (Fig. 3) consistently demonstrated hazard ratios (HR > 1, P < 0.001)
across all four sequentially adjusted models, reinforcing that higher BMI is independently associated
with elevated risk of incident T2DM. In the fully adjusted Model 4, each 1 kg/m² increment in BMI was
associated with an 11.6% higher risk of developing T2DM (HR = 1.116, 95%CI: 1.073 to 1.161, P < 0.001).

Categorical BMI and the risk of T2DM
Analysis using AFT model confirmed that overweight and obesity are independent risk factors for T2DM
incidence. After adjusting for potential confounders (Model 4) and using the underweight/normal weight
group as the reference, the time ratio (TR) for the obese group was 0.334 (95%CI: 0.234 to 0.476, P < 
0.001). This indicates that the onset time of diabetes among obese individuals is advanced by
approximately 66.6% compared to the reference group. For the overweight group, the TR was 0.548
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(95%CI: 0.395 to 0.763, P < 0.001), signifying a reduction in time to onset to 54.8% of the reference group
(Table 2). The results are consistent with the K-M survival analyses (Figure S8).

Table 2
Accelerated failure time model results for time to T2DM (Log-normal distribution)

Model BMI

ref: underweight/normal weight

TR (95% CI) P value

Model 1 overweight 0.557 (0.402–0.771) < 0.001

obeses 0.338 (0.231–0.495) < 0.001

Model 2 overweight 0.546 (0.393–0.760) < 0.001

obeses 0.327 (0.222–0.481) < 0.001

Model 3 overweight 0.549 (0.395–0.762) < 0.001

obeses 0.333 (0.227–0.490) < 0.001

Model 4 overweight 0.548 (0.394–0.763) < 0.001

obeses 0.334 (0.234–0.476) < 0.001

Notes. Abbreviations: BMI, Body Mass Index; TR, Time Ratio; CI, confidence interval. Model 1
represented the crude model without adjustment for any variables. Model 2 adjusted
sociodemographic factors, including age, ethnicity, economic level, education level, marital status,
and residence type. Model 3 further adjusted for behavioral and lifestyle factors—specifically
smoking status, drinking status, physical activity and sleep duration. Model 4 further incorporated
depressive symptoms.

BMI change patterns and the risk of T2DM
In analysis 2, among 579 perimenopausal women, 59 incident cases of T2DM were identified (10.23%).
The distribution of T2DM cases differed significantly across BMI change groups (P = 0.007): maximal
overweight (n = 22, 37.3%), stable underweight/normal weight (n = 14, 23.7%), stable obese (n = 13,
22.0%), non-obese to obese group (n = 6, 10.2%), and obese to non-obese group (n = 4, 6.8%).

Cox regression analyses consistently demonstrated that women maintaining stable underweight/normal
weight exhibited a significantly lower risk of T2DM compared to those with stable obesity (Fig. 4). In
Model 4, the hazard ratio was 0.31 (95%CI: 0.13 to 0.72, P = 0.009), indicating a 69% reduction in T2DM
incidence. This underscores the protective role of sustained normal-weight status during the
perimenopausal transition against T2DM development.

Relative BMI Change and the risk of T2DM
Relative BMI change was categorized into significant decrease, moderate decrease, stable, moderate
increase, and significant increase. In Model 4, compared with stable group, none of other groups showed
a statistically significant association with incident diabetes (Figure S14). These findings indicate that
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relative BMI changes (by 3% and 5% thresholds) in either direction conferred no significant alteration in
diabetes risk.

Sensitivity Analysis
Sensitivity analyses excluding underweight individuals and omitting physical activity adjustment
corroborated primary findings: overweight and obesity are significantly associated with earlier T2D
onset. Sustaining normal weight during perimenopause holds notable clinical and public health
significance for T2D prevention (Figure S16-S23, Table S4-S5).

Disscussion
This study examined the associations of BMI, BMI change patterns, and relative BMI change with
incident T2DM risk during perimenopause. Analyses revealed a continuous, positive dose-response
relationship between BMI and T2DM risk, without no threshold effect. Compared with the
underweight/normal weight group, overweight and obese groups showed earlier T2DM oneset, with
median diagnosis age reduced by 45.2% and 66.6%, respectively. Furthermore, maintaining normal BMI
during perimenopause was associated with a 69% lower T2DM risk, indicating a potentially protective
association.

In overweight and obese perimenopausal women, accelerated diabetes onset aligns with stage-specific
metabolic changes. Declining estrogen promotes adiposity and insulin resistance, elevating T2DM
risk[4]. The perimenopause is a critical window for accelerated cardiometabolic risk, with diabetes
prevalence converging with or exceeding other groups[3]. The graded association between body weight
and diabetes risk is consistent with evidence from Cox proportional hazards models[18, 33].

This study demonstrates that sustained normal BMI during perimenopause reduces T2DM risk by 69%
versus persistent obesity, corroborated by multiple cohorts. Among women with piror gestational
diabetes mellitus[34], "persistently high" or "inverted U-shaped" postpartum BMI trajectory were linked to
elevated T2DM risk, underscoring the benefit of maintaining a normal BMI as early as possible. Another
cohort study[35] indicated that long-term maintenance of target BMI also lowered T2DM incidence in the
general middle-aged/older population, with pronounced protection in women and those < 60 years.
These findings highlight that weight stability is as crucial as achieving target thresholds.

Notably, however, we found no significant association between two-years BMI increase (3% and 5% ) and
diabetes risk in perimenopausal women, diverging from prior literature. Studies by Kagisaki et al.[18] and
Asgari et al[19]. reported greater weight increase corresponded to progressively elevated T2D risk. This
discrepancy may arise because perimenopausal hormonal fluctuations substantially alter adiposity
dynamics, rendering a short-term BMI assessment insufficient to capture long-term metabolic
trajectories. Larger longitudinal studies are warranted to clarify the weight change–T2D risk relationship
in this population and identify critical thresholds.
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Despite the prospective perimenopausal cohort design and multivariable adjustment for confounders,
several key limitations persist. First, data constraints precluded the inclusion of critical biomarkers such
as glycemic parameters and sex hormone levels, which may result in residual confounding. Second, the
ascertainment of T2D relied on self-reported diagnosis or antidiabetic medication use without
biochemical verification, potentially introducing bias into outcome classification and exposure–outcome
estimates. Third, discrete BMI measurements obtained within a narrow temporal window preclude
robust characterization of long-term weight trajectories. Fourth, perimenopause—a dynamic
physiological transition—was assessed using periodic questionnaires rather than standardized
reproductive staging or serial hormone monitoring, weakening the validity of causal inferences. Future
research should integrate longitudinal BMI trajectory modeling, serial hormonal profiling, and genetic
analysis to clarify the mechanisms underlying weight dynamics and metabolic risk. Such efforts would
inform precision prevention strategies targeting high-risk weight trajectories to reduce the risk of T2D in
perimenopausal women.

Conclusion
In conclusion, this study clarifies a dose-response relationship between BMI and T2DM incidence in
perimenopausal women, confirming that overweight and obesity expedite its onset. Longitudinal
analysis further identifies sustained normal weight during this transition as a critical protective factor
against T2DM.
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Figures

Figure 1

Operational definition and identification criteria for perimenopausal women in the CHARLS
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Figure 2

Selection process of the study population for analyses

Figure 3

Cox association between continuous BMI and T2DM. Notes. Abbreviations: CI, confidence interval; HR,
hazard ratio. Model 1 represented the crude model without adjustment for any variables. Model 2
adjusted sociodemographic factors, including age, ethnicity, economic level, education level, marital
status, and residence type. Model 3 further adjusted for behavioral and lifestyle factors—specifically
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smoking status, drinking status, physical activity and sleep duration. Model 4 further incorporated
depressive symptoms.

Figure 4

The association between BMI change patterns and T2DM. Notes. Abbreviations: HR, Hazard ratio; CI,
confidence interval. Model 1 represented the crude model without adjustment for any variables. Model 2
adjusted sociodemographic factors, including age, ethnicity, economic level, education level, marital
status, and residence type. Model 3 further adjusted for behavioral and lifestyle factors—specifically
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smoking status, drinking status, physical activity and sleep duration. Model 4 further incorporated
depressive symptoms
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