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Purpose: Given the high and rising prevalence of metabolic dysfunction-associated fatty liver disease (MAFLD) among the aging
population and its established link to cardiovascular risk, this study aimed to evaluate the predictive value of dynamic metabolic
trajectories for ECG-defined cardiovascular risk in elderly patients with MAFLD.

Patients and Methods: This three-year longitudinal study enrolled 1086 elderly patients with MAFLD from Weifang City,
Shandong Province, China. Group-based trajectory modeling (GBTM) was applied to identify dynamic changes in 12 metabolic
indicators. The predictive performance of the metabolic trajectory model was compared with that of the cross-sectional model using
5-fold cross-validation. Multivariable logistic regression was employed to evaluate the independent associations between specific
metabolic trajectories and ECG-defined cardiovascular risk.

Results: During follow-up, 877 participants (80.76%) developed new ECG abnormalities. The trajectory model demonstrated
a modest but statistically significant improvement in discrimination over the cross-sectional model (AAUC = 0.054). Specific
progressively worsening metabolic trajectories were strongly associated with increased risk: the “Obesity-Increasing” BMI,
“Moderate Hypertension-Increasing” SBP, and “High Level-Increasing” TC trajectories. Notably, a “legacy effect” of liver injury
was evident: patients whose elevated AST later declined (“High-Decreasing” trajectory) still faced substantially elevated cardiovas-
cular risk (aOR = 4.15; aRR = 1.20). Conversely, the “Moderate Diabetes-Decreasing” FPG trajectory (aOR = 0.49; aRR = 0.82) and
adherence to a predominantly vegetarian diet (aOR = 0.22; aRR = 0.61) were associated with significantly lower risk. Advanced age
remained a strong independent risk factor.

Conclusion: Dynamic metabolic trajectories offer incremental predictive value over static measures in predicting ECG-defined
cardiovascular risk in elderly MAFLD patients. Clinical management should shift from state-based to trend-based intervention,
focusing on early control of adverse trends, long-term vigilance for patients with a history of liver injury, and active improvement
of reversible risk factors. Tailored dietary interventions are also recommended. These findings provide an evidence-based foundation
for developing precise and proactive risk prevention strategies in this high-risk population.

Plain Language Summary:

Why was the study done?

Heart disease is common in older adults with MAFLD. Current risk assessments often use single measurements, which may miss important
health trends over time. We conducted this study to see whether tracking metabolic changes over several years could better predict heart risk.
What did the researchers do and find?

We followed 1086 older adults with MAFLD for three years. We identified patterns in how 12 metabolic indicators changed over time,
grouping people based on improving, worsening, or stable trends. We then tested whether these trend-based groups predicted future
heart risk (measured by ECG changes) better than a single measurement.
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We found that the trajectory-based model predicted CVD risk much better than one-time measurements. Patients with worsening
groups—especially increasing obesity, rising blood pressure, or climbing cholesterol—faced the highest risk. Even after liver enzyme
levels normalized, those with past liver injury were linked to a lasting higher risk. Conversely, people who improved their blood sugar
or mostly ate vegetarian foods had much lower risk.

What do these results mean?

For elderly patients with MAFLD, tracking health trends over time provides a clearer picture of future heart risk than a single check.
This approach enables earlier and more personalized care—like helping patients avoid worsening trends, offering long-term monitor-
ing for those with past liver issues, and promoting beneficial diets. These steps can prevent disease, improve well-being, and use
healthcare resources more effectively.

Keywords: group-based trajectory modeling, electrocardiography, risk prediction, precision prevention, geriatrics

Introduction

The accelerating pace of global population aging has positioned the prevention and management of age-related diseases
as one of the most pressing public health challenges worldwide."* Among these conditions, metabolic dysfunction-
associated fatty liver disease (MAFLD)—characterized by hepatic steatosis in the context of metabolic dysregulation—
has garnered increasing attention.>* In 2024, the Chinese Society of Hepatology introduced updated diagnostic criteria
tailored to national conditions, defining MAFLD as a positive diagnosis based on imaging or histological evidence of
hepatic steatosis along with the presence of at least one component of metabolic syndrome, thereby superseding the
traditional exclusion-based concept of non-alcoholic fatty liver disease (NAFLD).”> Epidemiological evidence further
underscores the urgency of the issue. The global prevalence of MAFLD has risen from 25.26% in 1990-2006 to 38.00%
in 2016-2019,° with affected individuals in the Asia-Pacific region aged 65-89 exceeding 120 million in 2019.”
A synthesis of previous studies indicates that the prevalence among Chinese adults over the past two decades reaches
29.6%," while a 2021 ultrasonographic screening of 347,000 community-dwelling elderly in Shenzhen revealed a fatty
liver prevalence of 33.25%, with both prevalence and risk of complications significantly increasing with age.”
Consequently, clinical guidelines emphasize that lifestyle intervention should form the foundation of MAFLD manage-
ment in the elderly, alongside comprehensive control of metabolic disorders and vigilant monitoring of multisystem
extrahepatic complications.’

MAFLD is now recognized not as an isolated hepatic disorder but as a multisystem condition, with clinical
manifestations extending to a range of extrahepatic complications, including chronic kidney disease, type 2 diabetes,
and certain extrahepatic malignancies.* Foremost among these is cardiovascular disease (CVD), a leading cause of
mortality in elderly patients with MAFLD.'*!'" This elevated CVD risk is largely mediated by shared pathophysiological
pathways. Specifically, progressive worsening of metabolic abnormalities—such as obesity, dyslipidemia, and hepatic
injury—can exacerbate lipotoxicity, chronic systemic inflammation, and insulin resistance, which concurrently drive both
hepatic steatosis and vascular endothelial dysfunction, thereby accelerating atherosclerosis.*'*'? Notably, the dynamic
history of these metabolic parameters may hold greater prognostic value than their static, cross-sectional levels. This
concept aligns with the “metabolic memory” phenomenon observed in other diseases, wherein past dysregulation can
impart enduring effects.'* We therefore hypothesize a potential “legacy effect” in MAFLD, whereby the cumulative
burden of past metabolic disturbances induces a persistent adverse cardiovascular milieu—Ilikely driven by mechanisms
such as entrenched pro-inflammatory signaling or epigenetic reprogramming—that may not be fully reversed by
subsequent biochemical improvement. However, most previous studies are ill-equipped to investigate this hypothesis,
as they have predominantly relied on cross-sectional or single-time-point measurements, failing to capture dynamic risk
trajectories, and have focused on hard clinical endpoints such as myocardial infarction, with limited attention to early
subclinical cardiovascular damage.

To address these limitations, we conducted a three-year prospective longitudinal study in Weifang City, Shandong
Province, China, enrolling 1086 elderly patients with MAFLD. Electrocardiogram (ECG) abnormalities defined accord-
ing to AHA/ESC guidelines were employed as an early marker of subclinical cardiovascular risk,'> with the primary
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endpoint being the occurrence of new ECG abnormalities during the follow-up period. The analysis set was restricted to
participants who completed the entire three-year follow-up; individuals who withdrew due to death, loss to follow-up, or
reasons unrelated to cardiovascular events were excluded. Our statistical analysis proceeded in two stages. First, group-
based trajectory modeling (GBTM) was applied to identify distinct dynamic patterns in key metabolic indicators. This
method is particularly suitable for identifying subgroups of individuals exhibiting similar trajectories over time, which
aligns with our objective of classifying patients based on clinically interpretable metabolic trajectory phenotypes.'®
Subsequently, machine learning techniques were employed to systematically evaluate the incremental predictive value of
these trajectory-based indicators compared to conventional static measures. To our knowledge, this is the first long-
itudinal study in a dedicated elderly MAFLD cohort that integrates metabolic trajectories with early cardiovascular risk,
aiming to establish a novel dynamic risk assessment framework for this high-risk population. This integrated approach
seeks to identify trajectory patterns associated with cardiovascular complications, thereby offering targeted insights for

cardiovascular disease prevention in elderly patients with MAFLD.

Materials and Methods

Participant Characteristics

This three-year longitudinal cohort study was conducted from April 2021 to April 2023. The study population comprised
elderly patients with MAFLD who were permanent residents of Weifang City, Shandong Province. Standardized
assessments were conducted annually in April.

The diagnosis of MAFLD was based on established international consensus criteria,* requiring the presence of
hepatic steatosis identified by abdominal ultrasonography in addition to at least one of the following three criteria:
overweight or obesity, type 2 diabetes mellitus (T2DM), or evidence of metabolic dysregulation.

Inclusion criteria were: (1) age > 65 years; (2) confirmed MAFLD diagnosis based on international guidelines;’ and
(3) absence of CVD history at baseline. Exclusion criteria included: (1) severe comorbidities, including concurrent liver
diseases (eg, significant liver dysfunction, cirrhosis, or hepatocellular carcinoma), other chronic systemic diseases (eg,
chronic kidney disease, severe chronic obstructive pulmonary disease, autoimmune disorders, or active malignancy), or
severe neuropsychiatric disorders (eg, schizophrenia or severe cognitive impairment); or (2) inability to complete the
three-year follow-up due to death, loss to follow-up, or non-cardiovascular-related reasons, or having insufficient clinical
data for analysis.

The flow of participant screening, enrollment, and follow-up is summarized in Figure 1.

This investigation was conducted as a substudy of a collaborative project between our research team and the
Department of Cardiology, Dongzhimen Hospital, Beijing University of Chinese Medicine. The study protocol was
designed in accordance with the ethical principles outlined in the Declaration of Helsinki246. Ethical approval was
obtained from the Institutional Ethics Committee of Dongzhimen Hospital (Approval No.: 2023DZMEC-228-02).
Written informed consent was secured from all participants prior to their enrollment in the study.

Definitions

Demographic and Clinical Baseline Data

Demographic and clinical baseline data were assessed through a combination of standardized questionnaires and
electronic medical records. Information collected included demographic characteristics (sex, age), lifestyle factors
(physical activity frequency, dietary patterns), and clinical history (smoking status, alcohol use, and family history of
cardiovascular disease). All data were collected at enrollment and updated during the two subsequent annual follow-ups,
yielding three complete data points per participant over the three-year study period.

Data collection was performed by qualified personnel based on their expertise: standardized questionnaires and
electronic medical records were managed by postgraduate researchers and residents under the supervision of attending
physicians, while physical examinations and biosample collection were conducted by trained hospital nurses following
standardized operating procedures.
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Elderly Patients with MAFLD

Elderly patients initially assessed for
eligibility (n=1,215)

All 1,215 met age (265 years) and MAFLD diagnostic
criteria. None had severe comorbidities at this stage.

| Eligibility assessment completed |

' 4 \

Excluded (n=129) | Included in the final analytic
cohort (n=1,086)

* Death (n=12)

Loss to follow-up (n=72)
+ Withdrew for non-cardiovascular reasons (n=28)

* Incomplete clinical data (n=17)

Figure | The flowchart summarizes the process of participant screening, enrollment, and follow-up in the cohort of elderly patients with MAFLD.

Metabolic Parameters

The following metabolic indicators were evaluated: obesity-related measures (body mass index, BMI and waist
circumference), blood pressure (systolic blood pressure, SBP, and diastolic blood pressure, DBP), fasting plasma glucose
(FPQG), lipid profile (total cholesterol, TC, triglycerides, TG, low-density lipoprotein cholesterol, LDL-C, and high-
density lipoprotein cholesterol, HDL-C), and liver function markers (aspartate aminotransferase, AST, alanine amino-
transferase, ALT, and total bilirubin, TBIL). All measurements were conducted in accordance with standardized protocols
using calibrated equipment and automated analyzers. Specifically, blood pressure was measured using a Yuwell
YE670CR electronic sphygmomanometer (Jiangsu Yuyue Medical Equipment & Supply Co., Ltd., Jiangsu, China),
and the biochemical analyses for FPG, TC, TG, LDL-C, HDL-C, AST, and ALT were performed using a Seamaty SD1
fully automated dry biochemical analyzer (Chengdu Seamaty Technology Co., Ltd., Sichuan, China). Specific measure-
ment methods for all indicators are presented in Table 1.

Table | Measurement Protocols and Analytical Methods of Metabolic Parameters

Category Indicator Measurement Protocol Reference Range

Obesity BMI Body weight and height were measured using Lean (<25 kg/m?),
a calibrated electronic scale and stadiometer with overweight (25~29.9 kg/m?),

participants in light clothing without shoes; BMI obese (=30 kg/m?)

was calculated as weight in kilograms divided by
height in meters squared (kg/m?).

Waist Measured at the midpoint between the lowest rib Male (< 90 cm),

circumference | and the iliac crest using a non-stretchable soft tape female (< 85 cm)

measure, accurate to 0.1 cm.

Blood pressure SBP Rest seated for at least 5 minutes; measure three Normal (< 120/80 mmHg),
DBP times with a calibrated Yuwell YE670CR electronic elevated (120~139/80~89 mmHg),
sphygmomanometer (cuff at heart level); average hypertension (= 140/90 mmHg);
the two closest results as recorded data. hypertension is further categorized into Stage |

(140~159/90~99 mmHg), Stage 2 (160~179/
100~109 mmHg), and Stage 3 (= 180/1 10 mmHg).

(Continued)
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Table | (Continued).

Category Indicator Measurement Protocol Reference Range
Fasting plasma glucose FPG Collect fasting venous blood samples in the early Normal (3.9~6.0 mmol/L),
morning (fasting 2 8 hours); separate plasma and IFG/prediabetes (6.1~6.9 mmol/L),
serum by centrifugation; analyze all biochemical diabetes = 7.0 mmol/L
Lipid profile TC indicators via standard enzymatic methods on the Normal (5.2 mmol/L),
Seamaty SD|1 fully automated dry biochemical borderline high (5.2~6.2 mmol/L),
analyzer. high (= 6.2 mmol/L)
TG Normal (< 1.7 mmol/L),

borderline high (1.7~2.3 mmol/L),
high (= 2.3 mmol/L)

LDL-C Normal range (< 3.4 mmol/L),

borderline high (3.4~4.1 mmol/L),
high (= 4.1 mmol/L),

HDL-C Male (1.04~1.55 mmol/L),
female (1.30~1.55 mmol/L)
Liver function AST 0~40 U/L
ALT 0~40 U/L
TBIL 3.4~17.1umol/L

Abbreviations: BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; FPG, fasting plasma glucose; TC, total cholesterol; TG, triglycerides;
LDL-C, low-density lipoprotein cholesterol; HDL-C, high-density lipoprotein cholesterol; AST, aspartate aminotransferase; ALT, alanine aminotransferase; TBIL, total
bilirubin.

Electrocardiogram Acquisition

Standard 12-lead ECGs were acquired with a GE MACS5500 HD electrocardiograph (GE Healthcare, USA). With the
patient in a supine position at rest, the four limb electrodes and six precordial electrodes were placed in accordance with
standard anatomical locations. Signal quality and lead connection integrity were verified using the device’s integrated
“Hookup Advisor” feature. Participants were instructed to remain still and breathe normally during the recording. ECG
signals were then collected at a sampling rate of 16,000 samples per second. All acquired tracings were stored
electronically for centralized archiving and subsequent analysis.

Outcome Definition and Adjudication

ECG is a non-invasive modality that provides a direct representation of cardiac electrophysiological activity, enabling the
detection of rhythm disorders and morphological abnormalities. In this study, we employed specific ECG anomalies as
markers of subclinical cardiovascular risk, defined as an elevated susceptibility to future clinical events in asymptomatic
individuals without a prior CVD diagnosis.'>!” These ECG patterns are established indicators of underlying cardiovas-
cular pathology that can manifest before overt symptoms arise. All ECG interpretations were performed independently
by two certified cardiologists. Any discrepancies in initial readings were resolved through adjudication by a third senior
cardiologist. Based on American Heart Association (AHA) guidelines, high cardiovascular risk was defined as the
presence of one or more of the following confirmed abnormalities: (D myocardial ischemia/injury, @ repolarization
abnormality, 3 myocardial necrosis, @® conduction disturbance, ® arrhythmia.

Statistical Analysis

Analysis of Baseline Characteristics and Confounding Factor Selection

All analyses were performed on a complete-case basis. Baseline data were analyzed using SPSS 22.0. Categorical
variables were summarized as frequencies and percentages. Certain continuous variables, such as age, were categorized
based on established clinical cut-points and analyzed as categorical variables. Group differences between patients with
and without incident ECG risk were assessed using chi-square tests. Covariates for adjustment in multivariable models
were selected through a two-step process: first, sex and age were included a priori based on established clinical relevance.
Second, lifestyle and clinical history variables (including dietary habits, exercise frequency, smoking history, alcohol

Clinical Interventions in Aging 2026:21 hetps: 5



Liu et al

consumption, and family history of CVD) that demonstrated a significant association (p < 0.05) in univariate analysis
were retained as mandatory adjustments to control for potential confounding. Data on specific medication use were not
systematically collected or included as covariates, as the metabolic trajectory groups are considered to integrate the net
effect of both underlying pathophysiology and any concomitant pharmacological management.

Modeling of Metabolic Trajectories

To identify heterogeneous trajectories of metabolic indicators over time, this study employed GBTM, implemented using
the traj plugin in STATA 17.0. For each indicator, models with 3 to 5 trajectory groups were fitted, examining linear,
quadratic, and cubic functional forms. Parameters were estimated via maximum likelihood estimation, and non-
significant terms were iteratively pruned to simplify the model. Final model selection was based on the following
criteria: (1) goodness-of-fit, with the Bayesian Information Criterion (BIC) serving as the primary criterion—models with
smaller BIC values were preferred; (2) classification reliability, requiring an average posterior probability (AvePP) > 0.7
for each trajectory subgroup to ensure robust individual classification; and (3) clinical interpretability, ensuring that
trajectory subgroups were clinically meaningful and each accounted for at least 5% of the sample. Based on these criteria,
trajectory group labels were generated for all 12 metabolic indicators and included as key predictor variables in
subsequent analyses.

Validation of Predictive Model Performance

To evaluate the clinical utility of the metabolic trajectory framework, this study constructed both a cross-sectional model
and a trajectory-enhanced model. All analyses were implemented in Python 3.12, leveraging the scikit-learn and
XGBoost libraries. The cross-sectional model employed L1-regularized logistic regression, with input features consisting
of baseline covariates and the three-year average values of metabolic indicators. The trajectory-based model was built
using the gradient boosting machine (GBM) algorithm, incorporating baseline covariates and trajectory group labels
derived from GBTM as input features. Model performance was evaluated using a nested 5-fold cross-validation frame-
work, which consisted of an outer loop for performance estimation and an inner loop for model selection: In the outer
loop, the dataset was randomly partitioned into five mutually exclusive subsets. Each subset served as the test set once,
while the remaining four were used as the training set, resulting in five independent training-test splits. Within each
training set of the outer loop, an inner 5-fold cross-validation was performed to optimize the hyperparameters of the
GBM model via grid search, maximizing the mean area under the curve (AUC). This nested design ensured that
hyperparameter tuning was conducted without exposure to the outer-loop test set, thereby preventing information
leakage. After completing all five outer folds, predictions from each test set were aggregated, and the average values
of performance metrics—including the AUC, Brier score, integrated discrimination improvement (IDI), and net reclas-
sification improvement (NRI)—were calculated. This comprehensive comparison was designed to determine whether
dynamic metabolic trajectories provide statistically significant incremental predictive value over conventional static

metabolic indicators.

Assessment of the Impact of Metabolic Trajectories on CVD Risk

This analysis aimed to identify metabolic trajectories associated with the three-year cumulative cardiovascular risk.
Given the annual assessment schedule, the exact timing of ECG abnormality onset was interval-censored. Therefore,
multivariable logistic regression was employed as the standard and most appropriate method, as it is designed to model
the probability of a binary outcome over a fixed period. This approach aligns with both the data structure and the research
objective, as it does not require precise time-to-event data.

To evaluate the independent associations, an initial model incorporating all trajectory groups and pre-selected
covariates was constructed. Significant trajectory variables were identified using backward elimination (removal thresh-
old p > 0.10) to obtain a parsimonious model that yields clinically interpretable odds ratios (ORs) with 95% confidence
intervals (ClIs). The final model retained all variables with p < 0.05.
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Results

Baseline Characteristics

The cohort comprised 1086 elderly patients diagnosed with MAFLD. During the follow-up period, 877 patients (80.76%)
developed new-onset ECG abnormalities, while 209 patients (19.24%) remained free of such events until the study
endpoint. Comparison of baseline characteristics between groups revealed expected differences in sex and age distribu-
tions. A significant difference was observed in dietary patterns: patients in the non-CVD group were nearly twice as
likely to report a predominantly vegetarian diet (15.31%) compared to those in the CVD group (7.75%). No statistically
significant differences were found between groups regarding exercise frequency, smoking history, alcohol consumption,
or family history of cardiovascular disease (Table 2).

Model Fit and Trajectory Group Characteristics

GBTM was applied to characterize the longitudinal patterns of key metabolic indicators, including obesity, blood
pressure, fasting plasma glucose, lipid profile, and liver function parameters. All identified trajectory groups demon-
strated a good fit to the data, with AvePP exceeding 0.7, which confirms appropriate classification reliability and model
adequacy. The defining characteristics and detailed data for each trajectory subgroup are presented in Table 3, while the
shapes of the trajectories are illustrated in Figure 2.

Table 2 Baseline Characteristics and Stratification by ECG-Defined Cardiovascular Risk According
to Demographic and Lifestyle Factors

Variable Incident ECG Abnormalities X p
Yes No
Gender Male 367 (41.85%) 70 (33.49%) 4.557 0.033
Female 510 (58.15%) 139 (66.51%)
Age 65-70 101 (11.52%) 37 (17.70%) 16.481 | <0.001
71-75 234 (26.68%) 74 (35.41%)

76-80 360 (41.05%) 69 (33.01%)

= 8l 182 (20.75%) 29 (13.88%)

Exercise Frequency | Less than 3 times per week | 341 (38.88%) 88 (42.11%) 0.605 0.437
3 times or more per week | 536 (61.12%) 121 (57.89%)

(

Dietary habits Meat and vegetable pairing 770 (87.80%) 171 (81.82%) 12.177 | 0.002
Predominantly vegetarian 68 (7.75%) 32 (15.31%)
Predominantly meat-based 39 (4.45%) 6 (2.87%)
Smoking Index 0 712 (81.19%) 178 (85.17%) 2.244 0.326
< 400 135 (15.39%) 27 (12.92%)
= 400 30 (3.42%) 4 (1.91%)
Drinking situation No 758 (86.43%) 189 (90.43%) 2.074 0.150
Yes 119 (13.57%) 20 (9.57%)

Table 3 Longitudinal Trajectory Patterns of Key Metabolic Indicators

Metabolic Indicators Trajectory Group n (%) AvePP
Waist Circumference (cm) Normal Level-Decreasing Group 423 (38.95%) 0.932
Pre-Central Obesity-Decreasing Group 508 (46.78%) 0.877
Central Obesity-Decreasing Group 155 (14.27%) 0918
BMI (kg/m?) Normal Level-Stable Group 214 (19.71%) 0.926
Overweight-Stable Group 371 (34.16%) 0.904
Obesity-Increasing Group 339 (31.22%) 0.889
Obesity-Stable Group 107 (9.85%) 0.848
Severe Obesity-Stable Group 55 (5.06%) 0.928

(Continued)
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Table 3 (Continued).

Metabolic Indicators Trajectory Group n (%) AvePP
SBP (mmHg) Normal Level-Stable Group 156 (14.37%) 0.872
High Normal Level-Stable Group 448 (41.25%) 0.840

Mild Hypertension-Increasing Group 347 (31.95%) 0.842

Moderate Hypertension-Decreasing Group 56 (5.16%) 0.830

Moderate Hypertension-Increasing Group 79 (7.27%) 0.849

DBP (mmHg) Normal Level-Stable Group 60 (5.53%) 0.846
High Normal Level-Stable Group 429 (39.50%) 0.826

Mild Hypertension-Stable Group 457 (42.08%) 0.831

Moderate Hypertension-Decreasing Group 140 (12.89%) 0.857

TG (mmol/L) Normal Level-Stable Group 130 (11.97%) 0.907
High Level-Stable Group 886 (81.58%) 0.863

High Level-Increasing Group 70 (6.45%) 0.962

TC (mmol/L) Normal Level-Stable Group 350 (32.23%) 0.895
Borderline High Level-Stable Group 599 (55.16%) 0.921

High Level-Increasing Group 137 (12.62%) 0.938

LDL-C (mmol/L) Low Normal Level-Stable Group 235 (21.6%) 0.884
High Normal Level-Stable Group 454 (41.8%) 0.846

Borderline High Level-Decreasing Group 333 (30.7%) 0.858

High Level-Stable Group 64 (5.9%) 0.876

HDL-C (mmol/L) High Level |-Stable Group 229 (21.09%) 0.867
High Level ll-Increasing Group 477 (43.92%) 0.844

High Level Ill-Stable Group 295 (27.16%) 0.845

High Level IV-Increasing Group 85 (7.83%) 0.874

FPG (mmol/L) Normal Level-Stable Group 758 (69.80%) 0.874
Mild Diabetes-Increasing Group 213 (19.61%) 0.889

Moderate Diabetes-Decreasing Group 54 (4.97%) 0.958

Moderate/Severe Diabetes-Increasing 61 (5.62%) 0.897

Group

ALT (U/L) Normal Level-Stable Group 950 (87.48%) 0.924
High Level-Increasing Group 72 (6.63%) 0.884

High Level-Decreasing Group 64 (5.89%) 0.875

AST (U/L) Normal Level-Stable Group 1027 (94.57%) | 0.898
High Level-Decreasing Group 59 (5.43%) 0.903

TBIL (umol/L) Low Normal Level-Stable Group 689 (63.45%) 0.933
High Normal Level-Stable Group 333 (30.66%) 0.880

High Level-Increasing Group 64 (5.89%) 0.905

Low Normal Level-Stable Group 689 (63.45%) 0.933

Notes: Reference ranges for all metabolic indicators are provided in Table I.

Comparative Predictive Performance of Dynamic Metabolic Trajectory Models
After adjustment for potential confounders including sex, age, and dietary habits, a systematic comparison was conducted
between the dynamic trajectory model and the conventional cross-sectional model in predicting cardiovascular risk among
elderly MAFLD patients. The results demonstrated superior performance of the trajectory-based approach (Table 4).
Comparison of ROC curves (Figure 3) indicated that the dynamic trajectory model exhibited a statistically significant
improvement in discriminatory accuracy over the cross-sectional model (AAUC = 0.054, P = 0.045). The trajectory
model’s ROC curve consistently lay above that of the cross-sectional model across the entire range of specificities,
indicating uniformly higher sensitivity. A reduction in the Brier score (A = —0.008, P = 0.019) suggested that the
predicted probabilities generated by the trajectory model were closer to the actual observed outcomes with smaller

overall error. Improvement in integrated discrimination index (IDI = 0.042, P < 0.001) further confirmed enhanced
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Figure 2 Longitudinal trajectories of key metabolic indicators derived from GBTM in elderly MAFLD patients during a three-year follow-up period.

Notes: (a) Waist Circumference (cm); (b) body mass index (BMI, kg/m?); (c) systolic blood pressure (SBP, mmHg); (d) diastolic blood pressure (DBP. mmHg); (e)
triglycerides (TG, mmol/L); (f) total cholesterol (TC, mmol/L); (g) high-density lipoprotein cholesterol (HDL-C, mmol/L); (h) low-density lipoprotein cholesterol (LDL-C,
mmol/L); (i) fasting plasma glucose (FPG, mmol/L); (j) alanine aminotransferase (ALT, U/L); (k) aspartate aminotransferase (AST, U/L); (I) total bilirubin (TBIL, umol/L). The
X-axis spans annual time points (2021 to 2023). The Y-axis scales reflect measurement ranges of respective indicators.

overall discriminatory ability of the trajectory model. Analysis of the NRI indicated that the trajectory model correctly
reclassified an additional 3.74% of the patients (total NRI = 0.037, P = 0.001). This improvement was primarily driven by
enhanced identification of low-risk individuals (non-event NRI = 0.043), whereas classification accuracy for high-risk

subjects showed minimal change (event NRI —0.006), indicating potential for further refinement in this
subgroup. Finally, the distribution of predicted probabilities (Figure 4) demonstrated that the trajectory model achieved

more effective risk stratification, with reduced distributional overlap between the CVD and non-CVD groups.

Assessment of the Impact of Metabolic Trajectories on Subclinical Cardiovascular Risk
To further evaluate the predictive utility of the trajectory model, multivariable logistic regression was used to quantify the
specific effects of distinct metabolic trajectories on ECG-defined cardiovascular risk (Table 5). In light of the high
outcome incidence, adjusted relative risks (aRR) are presented alongside adjusted odds ratios (aOR) to facilitate a more
direct clinical interpretation of the effect sizes.

Table 4 Comparison of Predictive Performance Between the Trajectory-Based Model and
Cross-Sectional Model

Indicator Cross-Sectional Model | Trajectory Model | Difference (95% CI) P
AUC 0.591 + 0.042 0.645 + 0.037 0.055 (0.002~0.107) 0.045
Brier Score 0.154 + 0.003 0.146 * 0.005 —0.008 (—0.014~0.002) | 0.019
IDI - - 0.042 (0.022~0.061) < 0.001
Total NRI - - 0.037 (0.015~0.060) 0.001
Non-event NRI - - 0.043 (0.020~0.066) -
Event NRI - - —0.006 (—0.020~0.009) -
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Figure 3 The trajectory model demonstrates superior discriminative performance for ECG-defined cardiovascular risk prediction compared to the cross-sectional model in
elderly MAFLD patients.

Notes: The yellow line represents the trajectory model (Area Under the Curve, AUC = 0.645), and the blue line represents the cross-sectional model (AUC = 0.591). The
diagonal grey line indicates reference performance equivalent to random chance (AUC = 0.5). The X-axis spans the False Positive Rate (I - Specificity) from 0.0 to 1.0. The
Y-axis spans the True Positive Rate (Sensitivity) from 0.0 to 1.0.

Participants in the “Obesity-Increasing” BMI trajectory exhibited significantly elevated ECG-defined cardiovascular
risk (aOR = 1.71, 95% CI: 1.06~2.77; aRR = 1.12, 95% CI: 1.02~1.20), corresponding to a 12% increase in absolute risk
compared to the “Normal-Stable” reference group. Similarly, the “Moderate Hypertension-Increasing” SBP trajectory
was associated with substantially higher risk (aOR = 2.69, 95% CI: 1.07~6.76; aRR = 1.21, 95% CI: 1.02~1.30),
representing a 21% increase in absolute risk. The “High Level-Increasing” TC trajectory also demonstrated a strong
association (aOR = 2.82, 95% CI: 1.11~7.18; aRR = 1.21, 95% CI: 1.03~1.31), indicating a 21% increase in absolute
risk. Conversely, the “Moderate Diabetes-Decreasing” trajectory group showed a significantly reduced ECG-defined
cardiovascular risk (aOR = 0.49, 95% CI: 0.26~0.93; aRR = 0.82, 95% CI: 0.63~0.99), representing a 18% reduction in
absolute risk. Notably, even when AST levels showed a declining trend, patients in the “High Level-Decreasing” AST
trajectory maintained substantially elevated risk (aOR = 4.15, 95% CI: 1.26~13.67; aRR = 1.20, 95% CI: 1.05~1.26),
indicating a 20% increase in absolute risk compared to those with persistently normal liver function.

Regarding non-metabolic factors, participants aged 76—80 years (aOR = 2.21, 95% CI: 1.19~4.10; aRR = 1.13, 95%
CI: 1.03~1.18) and > 81 years (aOR = 2.28, 95% CI: 1.08~4.80; aRR = 1.13, 95% CI: 1.02~1.19) showed a 13% increase
in ECG-defined cardiovascular risk compared to the 65-70-year reference group. In contrast, adherence to
a predominantly vegetarian diet was associated with markedly lower risk (aOR = 0.22, 95% CI: 0.11~0.45; aRR =
0.61, 95% CI: 0.40~0.82), representing a 39% reduction in absolute risk.

To assess the potential impact of participants excluded due to incomplete follow-up (n = 129) on the primary findings,
we conducted a sensitivity analysis under two extreme scenarios. The magnitude, direction, and statistical significance of
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Figure 4 The trajectory model shows improved separation of predicted ECG-defined cardiovascular risk between patients with and without events compared to the cross-

sectional approach.

Notes: Density curves illustrate the separation of predicted probabilities between patients who developed CVD (yellow) and those who did not (blue) under the static
model (solid lines) and the trajectory-based model (dashed lines). The trajectory model demonstrates improved risk stratification, with less overlap between the CVD and
non-CVD groups compared to the static model, indicating its enhanced ability to discriminate high-risk from low-risk individuals. The X-axis spans the predicted probability
of cardiovascular risk from 0.0 to 1.0. The Y-axis represents the probability density. Greater separation between the No CVD and CVD density curves for a given model
indicates better discriminative ability in risk stratification. The trajectory model shows improved separation compared to the cross-sectional model.

the key associations presented in Table 5 remained substantially unchanged under both scenarios, confirming the
robustness of our conclusions regarding the independent associations between specific metabolic trajectories and ECG-
defined cardiovascular risk.

Table 5 Factors Associated with ECG-Defined Cardiovascular Risk in Elderly MAFLD Patients:

Logistic Regression Analysis

Results from Multivariable

Variable B S.E | Waldy2 aOR (95% CI) aRR (95% CI) P
BMI (kg/m?) Obesity-Increasing Group 0.537 | 0.246 4.771 1.712 (1.057~2.772) 1.123 (1.015~1.201) | 0.029
SBP (mmHg) Moderate Hypertension-Increasing Group | 0.991 0.469 4.456 2.693 (1.073~6.758) 1.205 (1.019~1.300) | 0.035
TC (mmol/L) High Level-Increasing Group 1.037 | 0.477 4.733 2.822 (1.108~7.184) 1.213 (1.027~1.305) | 0.030
FPG (mmol/L) Moderate Diabetes-Decreasing Group -0.717 | 0.329 4.758 0.488 (0.256~0.930) | 0.822 (0.626~0.985) | 0.029
AST (U/L) High Level-Decreasing Group 1.424 | 0.608 5.491 4.154 (1.262~13.668) | 1.200 (1.048~1.256) | 0.019
Age 76-80 0.794 | 0314 6.372 2.212 (1.194~4.096) 1.125 (1.033~1.181) | 0.012
=8l 0.824 | 0.380 4.690 2.279 (1.081~4.801) 1.129 (1.015~1.191) | 0.030
Dietary habits Predominantly vegetarian —1.504 | 0.364 17.120 0.222 (0.109~0.453) | 0.611 (0.402~0.820) | 0.000

Notes: The reference group for each indicator was its respective healthiest trajectory group. The adjusted relative risks (aRR) are provided to facilitate clinical
interpretation, as the aOR may overestimate the effect size when the outcome is common.
Abbreviations: aOR, adjusted odds ratio; aRR, adjusted relative risk.
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Discussion

This three-year longitudinal study provides the first systematic investigation into the value of dynamic trajectories of
metabolic indicators for predicting subclinical cardiovascular risk in elderly patients with MAFLD. The key findings
reveal several clinically relevant insights: First, a prediction model incorporating dynamic metabolic trajectories
demonstrated significantly improved performance compared to conventional models based on static mean values.
Second, adverse metabolic trajectories—including progressive obesity, persistent hypertension and hypercholesterolemia,
and the legacy effect of liver injury—were identified as strong independent risk factors for CVD. Conversely, trajectories
indicating metabolic improvement, such as effective glycemic control in diabetes, were associated with a protective
effect. Third, advanced age emerged as an important risk factor, while a vegetarian diet was correlated with significant
cardiovascular protection. These findings offer new theoretical support and potential interventional strategies for
personalized CVD risk management in older adults with MAFLD.

Strengths of this study lie in its novel methodological framework and shifted clinical perspective. First, we introduce
and validate a systematic, dynamic risk-assessment framework based on longitudinal metabolic trajectories. This
operable and scalable framework advances the clinical management paradigm for elderly MAFLD patients from
a focus on “static parameter control” to proactive “dynamic trend intervention”. Second, beyond methodological
innovation, our analysis has preliminarily identified several metabolic trajectory patterns with distinct clinical implica-
tions. These empirical patterns offer novel, hypothesis-generating insights for future mechanistic research into the
temporal dynamics of metabolic dysregulation and cardiovascular damage. Third, by employing ECG-defined subclinical
cardiovascular risk as the primary endpoint, our study shifts focus toward earlier, pre-symptomatic risk identification.
This approach provides a finer-grained lens for stratifying and managing cardiovascular risk in this growing, high-risk
elderly population, where the probability of comorbid events is substantial and outcomes are severe.

The most significant finding of this study is that the metabolic trajectory model demonstrated statistically superior
predictive performance for subclinical cardiovascular risk compared to the conventional cross-sectional model. The key
result is not the model’s absolute discriminatory ability (AUC = 0.645)—which remains moderate—but the consistent
and measurable improvement achieved by integrating trajectory information (AAUC = 0.054, IDI = 0.042, NRI = 0.037).
This confirms that the “trend” of metabolic indicators provides incremental prognostic information beyond a single
“state” measurement when assessing risk in elderly MAFLD patients. The underlying mechanism may lie in the fact that
dynamic trajectories more accurately reflect the persistent dysregulation of metabolic homeostasis—that is, the cumu-
lative effect of metabolic burden on the organism.'®

From a clinical interpretation perspective, the metabolic trajectories identified in this study should be understood as
underlying physiological trends and the effects of clinical management, including pharmacological interventions. For
instance, trajectories showing an improving trend likely reflect effective therapeutic interventions. This integration,
however, does not compromise the reliability of our findings but rather enhances their clinical utility. In real-world
patient management, the achieved metabolic status—whether improved through lifestyle modifications or medication—is
what ultimately determines cardiovascular risk. Thus, these trajectories function as composite prognostic indicators,
whose primary utility lies in identifying patients in whom overall management has effectively reduced risk.

The AHA has emphasized that both the severity and duration of obesity are critically linked with CVD risk.'” Our
study extends this concept by quantifying it specifically in an elderly MAFLD population. The “Obesity-Increasing”
trajectory was associated with a 12% increase in ECG-defined cardiovascular risk (aRR = 1.12), underscoring that it is
not merely the state of obesity, but rather the biologically active process of continuing weight gain that amplifies
cardiovascular risk. This process exacerbates lipotoxicity and pro-inflammatory responses from adipose tissue, which
concurrently affect both the liver and vascular system via the portal and systemic circulation.”*' Similarly, the
“Moderate Hypertension-Increasing” trajectory, which conveys a 21% risk increase (aRR = 1.21), highlights the peril
of dynamic deterioration. It captures active disease progression in individuals with pre-existing hypertension, reflecting
progressive hemodynamic stress and decompensated vascular regulation.”® This dynamic worsening itself constitutes an
independent risk signal that cannot be discerned from single-point blood pressure measurements. This is especially

consequential in elderly individuals, whose vascular systems are more vulnerable due to age-related arteriosclerosis and
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reduced elasticity.”> When superimposed on the pro-hypertensive environment characteristic of MAFLD, the effect of
steadily rising blood pressure is further amplified, thereby underscoring the prognostic value of monitoring dynamic
trajectory patterns. The “High Level-Increasing” TC trajectory, also corresponding to a 21% risk increase (aRR = 1.21),
further emphasizes the necessity of dynamic monitoring in cholesterol management. MAFLD-related liver dysfunction
and systemic inflammation readily foster a pro-atherogenic environment, leading to progressive accumulation of
cholesterol within the vascular endothelium.** Identifying a steadily rising TC trajectory is therefore equivalent to
detecting an active phase of this vicious cycle.

For elderly MAFLD patients, the principal cardiovascular risk stems not only from isolated metabolic abnormalities at
a single time point, but more critically from a sustained dysregulation of metabolic control—reflecting a pronounced decline in
the ability to maintain physiological homeostasis. This implies that management strategies must shift from “parameter
control” to proactive “trajectory intervention”. Consequently, clinical practice should advance beyond asking, “Are current
blood pressure, weight, or cholesterol levels at target?” to also inquiring, “How has this parameter changed over recent years—
has it remained stable, improved, or worsened?” Interventions should therefore be initiated earlier in the disease continuum—
focusing not only on treating manifest disease but also on identifying and actively reversing adverse trajectories.

Our study found that even after AST levels normalized, patients in the “High-Level-Decreasing” trajectory still
exhibited a significantly elevated risk of ECG-defined cardiovascular events (aRR = 1.20) compared to those with
persistently normal liver function. This observation aligns with the concept of “metabolic memory™."* This theory posits
that past metabolic disturbances can induce long-term complications through lasting biological alterations, such as
epigenetic reprogramming.' These changes can sustain abnormal gene expression and a pro-inflammatory state even
after the initial insult has resolved—a phenomenon well-documented in conditions like diabetes.*> Thus, we hypothesize
that early liver injury in MAFLD may similarly activate a persistent “memory” program, entrenching pro-inflammatory
features within hepatic and systemic immune cells. This process could continuously fuel vascular inflammation and
accelerate atherosclerosis, leading to a prolonged increase in cardiovascular risk.*® Although our study did not directly
measure these molecular markers, this theoretical framework provides a plausible mechanistic direction for under-
standing the long-term cardiovascular sequelae of liver injury. This finding implies that for MAFLD patients with
a history of liver injury, cardiovascular risk management must look beyond the mere “normalization” of current
biochemical markers and adopt a more proactive, long-term strategy.

One of the most instructive findings was the significant cardiovascular protection associated with the “Moderate
Diabetes-Decreasing” trajectory (aRR = 0.82). This seemingly paradoxical result underscores that the direction of
metabolic change holds greater prognostic value than static levels. It strongly aligns with the established glycemic
“legacy effect”, wherein early improvement in glucose control yields long-term cardiovascular benefits that persist for
decades.?’” Successful reduction of blood glucose—whether achieved through lifestyle or pharmacological intervention—
likely indicates a broad improvement in systemic metabolic health beyond glycemia alone.*® Our findings collectively
reveal two contrasting faces of metabolic memory in MAFLD. On one hand, liver injury may leave irreversible
“metabolic scars” that perpetuate CVD risk. On the other hand, glucose regulation exhibits high plasticity; its active
reversal, as shown here, can initiate a durable protective state, yielding a substantial “metabolic dividend”. Thus, for
elderly MAFLD patients with diabetes, actively reversing dysglycemia is not merely about immediate control but
a critical step to establish a long-term protective trajectory and alter future cardiovascular risk.

This study also highlights the importance of non-metabolic factors. Even within this elderly cohort, advancing age
demonstrated a significant gradient effect on cardiovascular risk.”” Participants aged 76-80 and > 81 years showed a 13%
increase in absolute risk (aRR = 1.13) compared to those aged 65-70, indicating a synergistic interaction between
physiological aging and metabolic aging in patients with MAFLD. Aging inherently involves a progressive decline in
physiological reserve and irreversible vascular senescence.’ In the context of MAFLD, the aging process forms a vicious
cycle with hepatic metabolic dysfunction and chronic low-grade inflammation, collectively accelerating atherosclerosis.
Advanced age thus serves as a biological amplifier of cumulative damage rather than merely a demographic trait.
Furthermore, the sociological dimensions of aging cannot be overlooked. Advanced age is often accompanied by social
isolation, cognitive decline, and polypharmacy, which may indirectly elevate CVD risk by affecting self-management
behaviors.>' In contrast, adherence to a predominantly vegetarian diet was associated with a 39% reduction in ECG-
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defined cardiovascular risk (aRR = 0.61). We interpret this finding as preliminary, hypothesis-generating evidence that
supports the potential value of plant-based diets in this specific population, while explicitly acknowledging that residual
confounding and the observational design preclude causal inference. The observed association aligns with the established
cardioprotective properties of plant-based foods, which are rich in fiber, antioxidants, and unsaturated fatty acids—
nutrients known to improve lipid profiles and attenuate inflammatory pathways.32 Furthermore, in the local context of
Weifang, such a dietary pattern may confer benefit not only by reducing the intake of high-salt preserved foods but also
by potentially increasing the consumption of potassium-rich vegetables (eg, green radish) and, given regional dietary
staples, whole grains and diversified flour-based foods.>* Future studies with detailed dietary quantification and objective
biomarkers are warranted to clarify the precise role and optimal composition of plant-based diets in this high-risk
population.** Ultimately, any dietary modification for elderly patients with complex conditions like MAFLD should be
undertaken with individualized guidance from healthcare professionals.*”

In summary, our findings suggest that cardiovascular risk management in elderly patients with MAFLD requires
a paradigm shift from static parameter control toward dynamic and individualized trend intervention. Particularly for
those with a history of liver injury, while they should be regarded as a long-term high-risk population, it is crucial to
carefully avoid potential over-medicalization and psychological burden in this elderly group.*® Therefore, we emphasize
that any long-term monitoring and intervention strategy must adhere to the core principles of “individualization” and
“risk stratification”. Specifically, a focused periodic assessment plan (eg, annual ECG, liver and kidney function, and
basic metabolic panels) should be formulated based on the patient’s overall health status, comorbidities, functional
capacity, and personal preferences, rather than conducting frequent and ineffective screenings. Implementing a “shared
decision-making” process to fully communicate the rationale and goals of ongoing monitoring with patients is essential
for alleviating psychological burden and achieving precise prevention with maximal benefit and minimal burden.

Limitations

The interpretations of our findings should be considered in the context of several limitations. First, while the use of ECG
abnormalities as an outcome measure allowed efficient early screening of subclinical cardiovascular risk, it lacks the
specificity to differentiate distinct disease subtypes—unlike hard clinical endpoints such as myocardial infarction or
stroke. Second, the categorical assessment of several baseline characteristics, though pragmatic for data collection in this
elderly community-based cohort, limits analytical granularity. For instance, dietary pattern was classified simply as
vegetarian, meat-based, or mixed, lacking quantification of specific nutrients, caloric intake, or socioeconomic correlates.
This approach, coupled with the single-region (Weifang) design and reliance on self-reporting, may introduce regional
specificity, measurement error, and recall bias. Third, the annual follow-up design meant that the exact timing of ECG
abnormality onset could not be determined, resulting in interval-censored data. This precluded the use of survival
analysis to investigate how metabolic trajectories influence the time to event. Future studies with more frequent
assessments are needed to explore these temporal dynamics. Fourth, although the primary aim was to demonstrate the
incremental value of dynamic trajectories rather than to develop a clinical prediction model, we acknowledge that the
absolute predictive performance of the combined baseline-trajectory model remains moderate. To develop a tool with
sufficient discriminative power for direct clinical application, future studies should integrate dynamic trajectories with
a broader array of biomarkers. Fifth, our application of group-based trajectory modeling, while suitable for identifying
longitudinal patterns, has inherent methodological limitations. These include the potential for trajectory misclassification,
the influence of regression to the mean, and a degree of dependence on the frequency and timing of measurements. Sixth,
a related and important translational challenge is determining the clinically actionable threshold for what constitutes
a significant “trend” warranting intervention. Our study identifies high-risk trajectories but does not establish precise
thresholds for when a trend should trigger clinical action, which is a key step for translating this framework into practical
protocols. Seventh, this study did not systematically collect or adjust for the use of specific medications. Although the
identified metabolic trajectories can be regarded as valid composite predictors of cardiovascular risk, it remains
challenging to distinguish to what degree these trajectory changes are attributable to the natural disease course versus
therapeutic intervention. Eighth, baseline liver disease severity was not quantitatively assessed, primarily due to ethical
and resource constraints. Although exclusion criteria controlled for advanced disease, the lack of direct adjustment for
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fibrosis or steatosis severity remains a limitation. Ninth, and finally, our study cohort consisted exclusively of elderly
patients with MAFLD from a single region in China, and our models have not yet been externally validated.
Consequently, while the core finding—that dynamic metabolic trajectories outperform static measures—is likely general-
izable, the specific trajectory patterns and risk thresholds identified here may not be directly applicable to populations
with differing genetic backgrounds, dietary habits, or healthcare systems. Future research should prioritize the validation
and refinement of these models in independent, multi-center, and more diverse cohorts.

Notwithstanding these limitations, the dynamic trajectory assessment framework proposed in this study offers
a valuable new perspective for identifying and managing cardiovascular risk at a subclinical stage in elderly patients
with MAFLD.

Conclusion

This study demonstrates the significant value of dynamic metabolic trajectory in predicting cardiovascular risk among
elderly patients with MAFLD, using longitudinal trajectory modeling. Our findings advocate a shift in clinical manage-
ment strategies from “static parameter control” toward “dynamic trend intervention”. Trajectories of ongoing deteriora-
tion in indicators such as obesity, blood pressure, and cholesterol were identified as strong early warning signals for
cardiovascular events, highlighting the need for heightened vigilance and early intervention in progressively worsening
metabolic abnormalities. Notably, even when liver enzyme levels later normalized, baseline liver injury continued to
confer a persistently elevated cardiovascular risk. This “legacy effect” suggests that early hepatic insults may incur
lasting risk, potentially through mechanisms such as entrenched low-grade inflammation, underscoring the need for long-
term vigilance beyond biochemical normalization. On the other hand, indicators with high metabolic plasticity—such as
blood glucose—can yield substantial cardiovascular benefits through active intervention and reversal. Furthermore,
a predominantly vegetarian diet was associated with significant risk reduction, supporting its consideration within
tailored dietary strategies; however, this observational finding requires individual assessment and may be influenced
by unmeasured lifestyle or socioeconomic factors. Importantly, advancing age acts as an independent amplifier of
cardiovascular risk. For older adults, any long-term monitoring strategy must be individualized and risk-stratified to
carefully balance prevention benefits against the potential for over-medicalization and psychological burden. In summary,
these findings extend the current risk prediction model by integrating the dimension of time, offering a novel, proactive
framework for cardiovascular prevention in this high-risk aging population.
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