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ABSTRACT　
 
Background　 Cardiovascular disease (CVD) remains a major health challenge globally, particularly in aging populations. Using
data from the China Health and Retirement Longitudinal Study (CHARLS), this study examines the Triglyceride-glucose (TyG)
index dynamics, a marker for insulin resistance, and its relationship with CVD in Chinese adults aged 45 and older.
 
Methods　This reanalysis utilized five waves of CHARLS data with multistage sampling. From 17,705 participants,  5,625 with
TyG index and subsequent CVD data were included, excluding those lacking 2011 and 2015 TyG data. TyG derived from glucose
and triglyceride levels, CVD outcomes via self-reports and records. Participants divided into four groups based on TyG changes
(2011–2015): low-low, low-high, high-low, high-high TyG groups.
 
Results　 Adjusting for covariates, stable high group showed a significantly higher risk of incident CVD compared to stable low
group, with an HR of 1.18 (95% CI: 1.03–1.36). Similarly, for stroke risk, stable high group had a HR of 1.45 (95% CI: 1.11–1.89).
Survival curves indicated that individuals with stable high TyG levels had a significantly increased CVD risk compared to con-
trols. The dynamic TyG change showed a greater risk for CVD than abnormal glucose metabolism, notably for stroke. However,
there was no statistical difference in single incidence risk of heart disease between stable low and stable high group. Subgroup
analyses underscored demographic disparities, with stable high group consistently showing elevated risks, particularly among <
65 years individuals, females, and those with higher education, lower BMI, or higher depression scores. Machine learning mod-
els,  including random forest,  XGBoost,  CoxBoost,  Deepsurv and GBM, underscored the predictive superiority of  dynamic TyG
over abnormal glucose metabolism for CVD.
 
Conclusions　 Dynamic TyG change correlate with CVD risks. Monitoring these changes could predict and manage cardiovascular
health in middle-aged and older adults. Targeted interventions based on TyG index trends are crucial for reducing CVD risks in
this population.

 

Cardiovascular disease (CVD) is the most com-
mon cause of mortality and morbidity world-
wide.[1] The number of CVD patients in China

is currently as high as 330 million, including hyperten-
sion, coronary heart disease (CHD), heart failure (HF)
and other chronic non-communicable diseases.[2] CVD

accounts for 46.74% of the all causes of death. Two out of
every five deaths occur due to CVD. In addition, China is
facing the pressure of population aging and the contin-
ued prevalence of metabolic risk factors, and the burden
of CVD will continue to increase.[3] The relationship
between metabolic indices and CVD has long intrigued
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the medical community, with the triglyceride-glucose
(TyG) index recently identified as a promising sur-
rogate marker for insulin resistance—a predictor to
both type 2 diabetes and CVD.[4,5] Despite its potential,
most of the current research has focused on static meas-
urements of single TyG index,[6] disregarding dynamic
changes over time might influence cardiovascular health.
CVD continues to be the leading cause of global morbid-
ity and mortality,[7] demanding improved methodolo-
gies for risk assessment and intervention. Therefore, a
deeper understanding of the TyG index’s longitudinal
dynamics could improve cardiovascular risk stratifica-
tion and preventative healthcare approaches.

However, current studies on the TyG index and CVD
risk are limited by the cross-sectional or short longitud-
inal range,[8] which fail to evaluate the complexities of
metabolic fluctuations over extended periods. To ad-
dress these issues, our study utilized longitudinal data
from the China Health and Retirement Longitudinal
Study (CHARLS) and employed machine learning mod-
els to analyze the dynamic changes in TyG index and
their association with CVD. This approach[9] allows for a
detailed exploration of how dynamic changes in the TyG
index over time correlate with cardiovascular risk,
thereby offering a more accurate and dynamic method
for predicting CVD. By incorporating a broad range of
demographic, lifestyle, and clinical covariates, our study
aimed to provide a risk stratification that could lead to
earlier interventions and individualized treatment
strategies. The innovative use of machine learning[10] in
this context not only enhanced the predictive accuracy of
our models but also established a rigorous framework
for cardiovascular risk factor research methodology, ad-
vancing methodological precision in predictive health-
care.

Our study represents a significant advancement in
CVD research by utilizing the power of machine learn-
ing to explore the dynamic change of the TyG index over
time. Unlike traditional statistical methods, machine
learning can manage and interpret the complexities and
interactions within large datasets.[11] This innovative ap-
proach enables us to capture and analyze the fluctu-
ations in the TyG index over time, which is a crucial
factor in understanding and predicting CVD risk that
previous research has often overlooked.[12] This could
lead to the discovery of novel biomarkers for early de-
tection and the development of personalized medicine
strategies tailored to individual metabolic profiles. Ulti-

mately, we utilized machine learning in this study to en-
hance prediction accuracy and improve the prognosis of
cardiovascular healthcare patients.

 METHODS

 Study Design and Population

This study constitutes a reanalysis of data derived
from the China Health and Retirement Longitudinal
Study (CHARLS), which received ethical approval from
the Biomedical Ethics Review Committee of Peking Uni-
versity (IRB00001052–11015). All participants provided
informed consent prior to their inclusion in the study.[13]

CHARLS is a nationally representative, longitudinal sur-
vey targeting the Chinese population aged 45 years and
older. This survey is based on a multistage probability
sampling design and has publicly released data across
five waves of follow-up,[14] occurring in 2011 (wave 1),
2013 (wave 2), 2015 (wave 3), 2018 (wave 4), and 2020 (wave
5). Due to 2013 survey without blood test data, we used
2011 and 2015 TyG dynamic triglyceride-glucose index.

Figure 1 showed the selection process for the study co-
hort. Initially, the CHARLS database contained records
for 17,705 participants. For the purposes of this analysis,
we included 7947 participants who had a recorded TyG
index and subsequent cardiovascular disease (CVD) data
available from the 2011 wave. To assess the impact of
dynamic changes in the TyG index on CVD outcomes,
we excluded 2322 participants who lacked TyG index
data in the 2015 wave.

 Assessment of TyG Index, Abnormal Glucose Meta-
bolism and Cardiovascular Disease

In CHARLS, TyG index and CVD were determined
based on blood test and self-reported questionnaires re-
spectively. The TyG-index was defined as follows: TyG-
index = ln [(Tg[mg/dL] × fasting glucose[mg/dL])/2].
Based on the TyG values of 2011 and 2015, values above
8.4 are classified as the high TyG group. Based on two
dynamic changes, they were divided into four groups:
group 1: low-low TyG group; group 2: low-high TyG
group; group 3: high-low TyG group; group 4: high-high
TyG group.

The dynamic TyG index base for group assignment
can be seen in statistical analysis. People who reported
being diagnosed with diabetes or high blood sugar (in-
cluding impaired glucose tolerance and elevated fasting
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blood glucose) were defined to have abnormal glucose
metabolism (AGM). People who reported being dia-
gnosed with heart disease (including angina, heart at-
tack, congestive heart failure, and other heart problems)
or/and stroke were defined to have CVD. The criteria for
determining CVD amd AGM are detailed in the CHARLS
questionnaire (https://charls.charlsdata.com/). In this
study, CVD includes heart disease and/or stroke. The
endpoints of follow-up were the initial incidence of CVD.

 Ascertainment of Covariates

The covariates included age, sex, rural residence, mar-
ital status, education level, current smoke, current drink-
ing, body mass index (BMI), depression score, sleep, hy-
pertension, diabetes, total cholesterol (TC), HDL choles-
terol (HDL-C), LDL cholesterol (LDL-C), uric acid (UA),
creatinine, blood urea nitrogen (BUN), C-reactive pro-
tein (CRP). Marital status was divided into two groups:
currently married (including married with spouse
present, and married but temporarily not living with
spouse due to work or other reasons) and other marital
status (separated, divorced, unmarried, widowed, or co-

habitated). Education was divided into two levels:
primary school or lower and secondary school or higher.
Smoking status was categorized as current smokers or
not. Similarly, drinking status was categorized as cur-
rent drinkers or not.

 Statistical Analyses

The mean and standard deviation (SD) of continuous
variables, as well as percentage of categorical variables
are used to describe basic features. Continuous variables
were compared by Kruskal-Wallis rank sum test, and
categorical variables were compared by Chi-square test
or Fisher exact probability test. Missing rates of covari-
ates, including marital status (0.08%), education (0.14%),
current drinker (0.42%), current smoker (1.68%), depres-
sion score (3.42%), sleep (3.78%), BMI (0.22%), LDL-C
(0.22%), creatinine (0.04%), systolic blood pressure
(11.06%), diastolic bloood pressure (11.06%) were sum-
marized in Supplementary Table 1. The missing data of
covariates were imputed using the multiple imputation
method of randomforest (R package “Mice”). All con-
tinuous variables exhibit non-normal distributions. Reli-

 

Figure 1    Flow chart.
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ably, the baseline characteristics of participants using
data not being imputed (see Supplementary Table 2)
were similar with Table 1.

The X-tile software has been extensively employed to
determine optimal cutpoints for continuous variables,
proving particularly effective for the TyG index. Utiliz-
ing X-tile, we established the optimal cutpoint at 8.4
based on the 2011 TyG index data, categorizing it into
low and high groups, which shows significant statistical
difference with P < 0.001 (Figure 2A). Similarly, the 2015
TyG index was divided into low and high groups using
the same cutpoint of 8.4. We further analyzed the dy-

namic TyG status, classifying it into four categories: low-
low group, low-high group, high-low group and high-
high group, based on TyG indices from 2011 and 2015.

The Cox-lasso method was used to screen variables,
enhancing model performance while minimizing over-
fitting. Multivariable Cox proportional hazard models
estimated the risk of CVD incidents. We assessed three
models: Model I was crude; Model II adjusted for age,
sex, smoke, depression, sleep, LDL-C, CRP, BMI, SBP,
DBP; Model III adjusted for Model II + marital status,
TC, HDL-C, UA and BUN (all these covariates were ob-
tained by Cox-lasso method).

 

Table 1    Baseline characteristics.

Characteristics Total Group 1 Group 2 Group 3 Group 4 P-value
Number 5625 1183 882 732 2828

Age, yrs 58.19 (8.49%) 58.79 (8.89%) 57.63 (8.70%) 59.15 (8.61%) 57.87 (8.19%) <0.001

Females 2555 (45.42%) 647 (54.69%) 406 (46.03%) 367 (50.14%) 1135 (40.13%) <0.001

Current married 5074 (90.20%) 1056 (89.26%) 799 (90.59%) 648 (88.52%) 2571 (90.91%) 0.153

Rural 3782 (67.24%) 889 (75.15%) 582 (65.99%) 524 (71.58%) 1787 (63.19%) <0.001

Drink 1909 (33.94%) 464 (39.22%) 313 (35.49%) 272 (37.16%) 860 (30.41%) <0.001

Smoke 1692 (30.08%) 418 (35.33%) 283 (32.09%) 255 (34.84%) 736 (26.03%) <0.001

Education

Primary school or lower 3913 (69.56%) 831 (70.25%) 610 (69.16%) 531 (72.54%) 1941 (68.64%)

Secondary school or higher 1712 (30.44%) 352 (29.75%) 272 (30.84%) 201 (27.46%) 887 (31.36%) 0.208

BMI, kg/m2 23.61 (3.82%) 21.97 (3.33%) 23.27 (3.74%) 22.77 (3.72%) 24.62 (3.75%) <0.001

Depression, score 8.21 (6.19%) 8.67 (6.19%) 7.74 (6.21%) 9.18 (6.42%) 7.91 (6.09%) <0.001

Sleep, h 6.38 (1.86%) 6.35 (1.88%) 6.36 (1.82%) 6.36 (1.88%) 6.41 (1.86%) 0.62

BUN 15.61 (4.36%) 15.89 (4.66%) 16.15 (4.52%) 15.39 (4.18%) 15.37 (4.20%) <0.001

Creatine 0.76 (0.18%) 0.76 (0.19%) 0.76 (0.17%) 0.77 (0.18%) 0.77 (0.18%) 0.457

TC 193.12 (38.10%) 179.44 (32.21%) 186.54 (34.87%) 187.28 (35.47%) 202.42 (39.53%) <0.001

HDL-C 51.20 (15.32%) 60.20 (15.39%) 56.99 (13.97%) 51.52 (14.50%) 45.56 (13.28%) <0.001

LDL-C 115.77 (34.51%) 108.13 (28.28%) 117.84 (30.43%) 109.94 (31.93%) 119.84 (37.83%) <0.001

CRP 2.44 (6.79%) 2.38 (8.16%) 2.60 (7.14%) 2.17 (7.87%) 2.49 (5.65%) <0.001

UA 4.37 (1.23%) 4.23 (1.17%) 4.16 (1.15%) 4.33 (1.26%) 4.51 (1.25%) <0.001

SBP 128.21 (20.75%) 124.48 (20.53%) 125.97 (20.30%) 127.26 (20.84%) 130.71 (20.63%) <0.001

DBP 75.00 (12.06%) 72.53 (11.82%) 74.20 (11.87%) 73.80 (12.05%) 76.60 (11.98%) <0.001

Abnormal glucose metabolism 3044 (54.12%) 430 (36.35%) 369 (41.84%) 405 (55.33%) 1840 (65.06%) <0.001

Cardiovascular disease 1658 (29.48%) 290 (24.51%) 245 (27.78%) 207 (28.28%) 916 (32.39%) <0.001

Heart disease 1268 (22.54%) 228 (19.27%) 195 (22.11%) 163 (22.27%) 682 (24.12%) 0.01

Stroke 467 (8.30%) 74 (6.26%) 62 (7.03%) 51 (6.97%) 280 (9.90%) <0.001

Continuous variables were expressed as mean ± SD in case of normal distribution and compared between two groups by Kruskal
Wallis rank sum test. If the count variable had a theoretical number < 10, Fisher’s exact probability test was used. Categorical variables
are presented as counts (percentages) and compared by Chi-square test. Group 1: low-low group; Group 2: low-high group; Group 3:
high-low group; Group 4: high-high group. BMI: body mass index; BUN: blood urea nitrogen; CRP: C-reactive protein; CVD:
cardiovascular disease; DBP: diastolic blood pressure; HDL-C: high-density lipoprotein cholesterol; LDL-C: low-density lipoprotein
cholesterol; UA: uric acid; SBP: systolic blood pressure.
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In addition, a machine-learning approach was used to
develop a CVD model. Initially, the optimal model was
selected based on the unadjusted parameters through
three-fold cross-verification benchmark test involving
Coxph, Kaplan-Meier, Random Forest, XGBoost, Cox-
Boost, DeepSurv, and Gradient Boosting Machine
(GBM). Random Forest exhibited best performance in
the concordance index (C-index). The data were then di-
vided into a training set (70%) and a test set (30%) for
model construction. We conducted hyperparameter tun-
ing via three-fold cross-validation on the training set
with a random search method to determine the optimal
hyperparameter configuration evaluated by C-index.
After applying the optimal hyperparameters (ntree =

581, mtry = 1, nodesize = 7) to the random forest model,
we retrained it on the training dataset and subsequently
evaluated its performance using the test dataset. The
model's effectiveness was assessed using the C-index,
Brier score, recall, and D-calibration. Machine-learning
features included age, sex, smoking, depression, sleep,
LDL-C, CRP, BMI, SBP, DBP, marital status, TC, HDL-C,
UA, BUN and TyG or AGM.

Sensitivity analyses were performed to ensure the
validity and consistency of the results. Firstly, to verify
the consistency of the CVD, we examined the associ-
ation of dynamic TyG status with heart disease and
stroke separately. Secondly, to assess the robustness of
our results, subgroup analyses were conducted with ad-
justments for covariates including age, sex, marital
status, rural or urban living, education level, smoking
status, alcohol consumption, BMI, sleep and depression
score. Age groups were delineated as < 65 years and ≥ 65
years, BMI was categorized into < 24 kg/m2 and ≥ 24
kg/m2, and sleep duration was divided into < 6.5 h and ≥
6.5 h. All statistical analyses were performed using R
software (Version 4.3.0). P values were two-sided, and a
value of P < 0.05 was considered statistically significant.

 RESULTS

 Baseline Characteristics Based on Dynamic Changes
of TyG

This study involved 5,056 participants divided into
four groups based on the dynamic change of TyG:
Group 1 (low-low group, 1,075 people), Group 2 (low-
high, 798 people), Group 3 (high-low group, 651 people),
and Group 4 (high-high, 2532 people, Table 1). Baseline
characteristics included age, sex, marital status, rural res-
idency, lifestyle factors such as drinking and smoking,
education levels, BMI, and various biochemical markers
like cholesterol levels and C-reactive protein. Significant
differences were observed among these groups. Notably,
the prevalence of cardiovascular diseases was highest in
Group 4 and lowest in Group 1. This showed the com-
plexity of CVD incidence in different groups based on
dynamic change of TyG, with significant variations in
demographic, lifestyle, and metabolic factors impacting
overall health outcomes. Furthermore, we also conduc-
ted abnormal glucose metabolism baseline feature ana-
lysis solely, and the baseline features remained consist-
ent before and after data imputation (Supplemental Ta-

 

Figure 2     Nelson-Aalen cumulative risk curve for TyG index.
(A): the survival curve for low and high TyG groups (2011 wave)
according cutpoint at 8.4; (B): the survival curve for four groups
based on TyG 2011 and TyG 2015 (group 1: low-low TyG group;
group 2: low-high TyG group; group 3: high-low group; group 4:
high-high group). TyG: triglyceride-glucose.
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ble 3&4). Similarly, participants with abnormal glucose
metabolism have higher CVD incidence (see Supple-
mental Table S3&4) with significant statistical difference
(P < 0.001).

 Increased CVD and Stroke Risk Associated with
Stable High TyG Index

Table 2 showed the association between dynamic TyG
status and the risk of incident CVD. The results across
Model 1, Model 2, and Model 3 are consistent. After ad-
justing for covariates, the group 4 showed a significantly
increased risk of incident CVD compared to the group 1,
with a hazard ratio (HR) of 1.36 (95% CI 1.12–1.64). A
similar trend was observed for heart disease and stroke
risk, with the group 4 having an HR of 1.33 (95% CI:
1.06–1.67) and 1.48 (95% CI: 1.07–2.04) respectively (refer
to Supplementary Table 5 & Supplementary Table 6).
Similarly, the survival curves also show that the group
with a high TyG has a significantly higher risk of CVD
compared to the control group, with the dynamic TyG
grouping curves indicating that the stable high TyG
group has a significantly higher CVD risk than the stable
low TyG group (Figure 2A and 2B). The risk of CVD as-
sociated with a stable high TyG index exceeds that of ab-
normal glucose metabolism and is even more pro-
nounced for stroke risk.

 Sensitivity Analyses of Dynamic TyG and CVD

Crude subgroup analysis revealed significant differ-
ences in CVD risk associated with dynamic TyG status
(Supplementary Table 7–9). Among subgroups groups
by features including age, sex, address, depression, edu-
cation level, smoking, drinking, and sleep, higher risks
were evident in Groups 4 (P < 0.05, respectively). BMI

less than 24 kg/m2 showed elevated risk in Group 4
(HR = 1.50, 95% CI: 1.21–1.84). Individuals with other
marital status in Groups 4 had increased risk (HR = 1.68
95% CI: 1.40–2.01). In subgroup analyses without adjust-
ing for confounding factors, Group 4 consistently show-
ed robust increases in CVD risk, including heart disease
and stroke.

In addition, subgroup analysis adjusted for covariates
showed significant higher risk in group 4 for age < 65
(HR = 1.46, 95% CI: 1.16–1.83, Supplemental Table
10–12), rutal (HR = 1.36, 95% CI: 1.08–1.70). Other not-
able associations included higher risk in Group 4 for
those with sleep time < 6.5 (HR = 1.40, 95% CI: 1.08–1.81),
BMI < 24 kg/m2 (HR = 1.32, 95% CI: 1.04–1.69), other
marital status (HR = 1.46, 95% CI: 1.19–1.79) and depres-
sion score ≥10 (HR = 1.50, 95% CI: 1.11–2.02). Subgroups
grouped by features of sex and education level also
showed higher risk in Group 4. It is noteworthy that in
the subgroup analyses adjusted for confounding factors,
group 4 primarily led to an increased risk of stroke rather
than heart disease. These results highlight differential
impacts of demographic and lifestyle factors on CVD
risk across dynamic TyG status subgroups.

 COX-Lasso Regression Screening for Model Vari-
ables to Construct the Predictive Model

We screened out 16 variables through Cox-Lasso re-
gression, including age, sex, smoking, depression, sleep,
LDL-C, CRP, BMI, SBP, DBP, marital status, TC, HDL-C,
UA, BUN, and dynamic TyG status or abnormal glucose
metabolism (AGM) (Figure 3). seven variables showed
no statistically significant differences after adjusting for
confounding factors and were therefore excluded from
the model, leaving a final set of 9 variables for plotting

 

Table 2    Cox regression analysis for relationship between TyG index, diabetes and CVD.

Group CVD Model 1 Model 2 Model 3

Stable Low 1183 (21.0%) Ref Ref Ref

Progression 882 (15.7%) 1.15 (0.97–1.37), P = 0.100 1.13 (0.95–1.34), P = 0.173 1.11 (0.93–1.31), P = 0.250

Recovery 732 (13.0%) 1.18 (0.99–1.41), P = 0.066 1.07 (0.90–1.28), P = 0.450 1.06 (0.89–1.27), P = 0.497

Stable High 2828 (50.3%) 1.39 (1.22–1.58), P < 0.001 1.21 (1.06–1.39), P = 0.006 1.18 (1.03–1.36), P = 0.018

Abnormal glucose metabolism (No) 2581 (45.9%) Ref Ref Ref

Abnormal glucose metabolism (Yes) 3044 (54.1%) 1.24 (1.13–1.37), P < 0.001 1.15 (1.04–1.27), P = 0.005 1.15 (1.04–1.27), P = 0.008

Model 1: crude; Model 2 adjusted for age, marital status, alcohol consumption, smoking, depression score, sleep, BMI, SBP, DBP, and
education; Model 3 adjusted for age, marital status, alcohol consumption, smoking, depression score, sleep, BMI, SBP, DBP, education,
LDL-C, CRP, and BUN. BMI: body mass index; BUN: blood urea nitrogen; CRP: C-reactive protein; CVD: cardiovascular disease; DBP:
diastolic blood pressure; HDL-C: high-density lipoprotein cholesterol; LDL-C: low-density lipoprotein cholesterol; UA: uric acid; SBP:
systolic blood pressure.
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the nomogram (Figure 4). The results showed that the
CVD incidence risk score for TyG is higher than that for
glucose metabolism according to the nomogram and ex-
hibits a similar pattern for heart disease and stroke (refer
to Supplementary Figure S1 and Supplementary Fig-
ure S2).

 TyG Index and AGM in Predicting CVD by Machine
Learning

To explore the role of TyG index in predicting CVD

compared to abnormal glucose metabolism (AGM)
through different models in machine learning. Initially,
we compared the predictive performance of seven ma-
chine learning methods, including Coxph, Kaplan, Ran-
dom Forest, XGBoost, CoxBoost, DeepSurv, and GBM.
Based on the unadjusted parameters through three-fold
cross-verification benchmark test, the results showed that
Coxph, Random Forest, and CoxBoost exhibited relat-
ively higher predictive performance, with Random
Forest performing the best (Figure 5).

 

Figure 3    Cox-lasso method for variable screen. According to Cox-Lasso regression, the optimal set of variables includes 16 variables,
including age, sex, smoking, depression, sleep, LDL-C, CRP, BMI, SBP, DBP, marital status, TC, HDL-C, UA and BUN, and dynamic
TyG status or AGM. AGM: abnormal glucose metabolism; BMI: body mass index; BUN: blood urea nitrogen; CRP: C-reactive protein;
DBP: diastolic blood pressure; HDL-C: high-density lipoprotein cholesterol; LDL-C: low-density lipoprotein cholesterol; UA: uric acid;
SBP: systolic blood pressure.

 

Figure 4    Nomogram for TyG index and abnormal glucose metabolism in CVD. (A): Dynamic TyG group; (B): AGM. AGM: abnor-
mal glucose metabolism; CVD: cardiovascular disease; BMI: body mass index; CVD: cardiovascular disease; DBP: diastolic blood pres-
sure;  HDL-C:  high-density  lipoprotein  cholesterol;  LDL-C:  low-density  lipoprotein  cholesterol;  SBP:  systolic  blood  pressure;  TyG:
triglyceride-glucose.
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To further compare the contributions of dynamic TyG
group, TyG change value, TyG 2015 baseline, AGM, and

other variables in the Random Forest model, we calcu-
lated the c-index values for each variable in the model.
The data was split into training set (70%) and test set
(30%) at random. The two data set are comparable, and
there is no statistically significant differences observed (P
= 0.910, see Supplementary Figure S3). The analysis
showed that the dynamic TyG group exhibit higher im-
portance than AGM, its difference value (Dta) and TyG
2015 baseline (Figure 6). Figure 7 demonstrates that dy-
namic TyG group and its difference value outperform
abnormal glucose metabolism in predicting CVD, in-
cluding higher C-index, lower brier score, and higher D-
calibration which indicate excellent performance of the
model. Specifically, the model accuracy for dynamic
group is superior, characterized by a higher C-index of
0.862, recall rate of 0.662 and improved D-calibration of
485.535.

 

Figure 5    Benchmark test for machine learning.

 

Figure 6    Variable importance rank in random forest model. (A): Dynamic TyG group; (B): group replaced by TyG index 2015; (C):
group replaced by difference value (Dta= TyG 2015 - TyG 2011); (D): Group replaced by AGM (abnormal glucose metabolism). AGM:
abnormal glucose metabolism; CVD: cardiovascular disease; BMI: body mass index; CVD: cardiovascular disease; DBP: diastolic blood
pressure; HDL-C: high-density lipoprotein cholesterol; LDL-C: low-density lipoprotein cholesterol; SBP: systolic blood pressure; TyG:
triglyceride-glucose.
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 DISCUSSION

Previous research has established that the TyG index,
as a biomarker of insulin resistance,[15] is closely associ-
ated with the risk of CVD.[16,17] Recent research has in-
creasingly highlighted the TyG index as a pivotal mark-
er for assessing the risk of multiple CVD.[18] The TyG in-
dex, a surrogate marker of insulin resistance, has shown
a strong correlation with the development and progres-
sion of atherosclerosis,[19] particularly in populations at
risk for or with established coronary artery disease
(CAD).[20] One notable advancement in this area is the
utilization of the TyG index for improving cardiovascu-
lar risk stratification models.[21] Incorporating the TyG
index alongside traditional risk factors—like glyc-
ated hemoglobin (HbA1c) and cholesterol levels—
enhances the predictive accuracy for major adverse car-
diovascular events (MACEs).[22] This integrated ap-
proach helps in identifying high-risk individuals who
may benefit from early and more aggressive therapeutic
interventions.[23] Moreover, the clinical relevance of the
TyG index extends beyond risk prediction. It also
provides insights into potential therapeutic targets for re-
ducing insulin resistance, a known contributor to CVD
pathology.[24] Ongoing research continues to explore the
molecular mechanisms linking the TyG index with car-
diovascular health, offering promising directions for fu-
ture therapeutic strategies.[25] Previous researches and
analysis have shown that combining the TyG index with
other predictive indicators, such as WhtR, BMI CVAI et
al, can better predict the occurrence of CVD.[26,27]

This study innovatively investigates the dynamic
changes of the TyG index and their association with
CVD using the longitudinal CHARLS cohort. Unlike

previous cross-sectional studies, this approach allows for
an understanding of how TyG index trajectories impact
CVD risk over time. By analyzing these temporal
changes, our research provides a more detailed predic-
tion model for CVD, enhancing earlier findings and of-
fering new insights into the progression of cardiovascu-
lar risk factors. We utilized the Cox-Lasso regression and
machine learning to analyze the association between the
TyG index and the risk of CVD. By utilizing multiple
models, we not only enhanced the predictive perform-
ance of the model and minimized overfitting but also in-
novatively applied machine learning in the field of car-
diovascular research. This demonstrated the powerful
potential and novelty of machine learning in handling
large-scale biostatistical data. Studies have pointed out
that the TyG index is an independent predictor of future
cardiovascular events.[12,18] Consistent results across mul-
tiple models in our study further validate the reliability
and effectiveness of the TyG index in predicting CVD
risk. Notably, the significant association between the
TyG index and CVD risk persisted even after adjusting
for age, hypertension, lifestyle factors, and other bio-
chemical markers, highlighting its significant role in the
prediction of CVD. Previous studies have shown that
dynamic changes in the TyG index are closely associated
with hypertension,[28,29] and all-cause mortality.[30] This
study employed COX-Lasso regression to construct a
predictive model, identifying 9 key variables including
age, blood pressure, lifestyle factors (BMI, sleep), sex, et
al and dynamic TyG change. This model demonstrates
that TyG index contributes significantly to predicting
CVD and stroke risk, further highlighting its utility in
risk assessment. With the explosive growth of data in
medical research, traditional statistical methods face
challenges in handling big data. Machine learning meth-
ods, particularly advanced statistical learning techniques
like Cox-Lasso, Random forest, offer new perspectives
and tools for cardiovascular disease research.[31]

 Strengths and Limitations

This study had innovation and strengths in three main
areas. Firstly, this study initially used CHARLS longit-
udinal data to explore dynamic TyG changes and CVD
correlation. Secondly, it employs COX-Lasso regression
to handle complex variables and multicollinearity effect-
ively, identifying key factors like dynamic TyG, age,
blood pressure, lifestyle, education, and BMI for CVD
risk prediction. Thirdly, through subgroup analysis, the

 

Figure 7    The CVD machine learning model evaluation. AGM:
abnormal glucose metabolism; CVD: cardiovascular disease; TyG:
triglyceride-glucose.
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study provides robust evidence supporting the correla-
tion between dynamic TyG and CVD, while further ex-
ploring which populations are more susceptible to de-
veloping CVD. Finally, it enhances predictive accuracy
using multiple machine learning models like Random
Forest, CoxBoost, offering new mathod for CVD risk as-
sessment and personalized medicine.

This study had several limitations. Firstly, due to its
data source, there remains a possibility of potential con-
founding variables, despite efforts with multiple models
and sensitivity analyses aimed at bolstering result ro-
bustness. Secondly, the reliance on data primarily
sourced from a single population hampers the broad ap-
plicability of the findings. To address these limitations,
future research should prioritize large-scale cohort stud-
ies spanning multiple centers and diverse populations to
facilitate more generalized conclusions and broader in-
sights into the relationship between dynamic TyG and
cardiovascular health.

In conclusion, the application of the Cox-Lasso ma-
chine learning model in this study not only enhanced
our understanding of cardiovascular disease risk factors
but also provided new perspectives and methods for fu-
ture disease prediction and management. This marks a
deep application of machine learning technology in the
field of cardiovascular diseases, enabling systematic im-
provements in the methodologies of medical research.
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