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Abstract
Background  Hypertension (HTN) is a global public health concern and a major risk factor for cardiovascular disease 
(CVD) and mortality. Insulin resistance (IR) plays a crucial role in HTN-related metabolic dysfunction, but its assessment 
remains challenging. The triglyceride–glucose (TyG) index and its derivatives (TyG–BMI, TyG–WC, and TyG–WHtR) 
have emerged as reliable IR markers. In this study, we evaluated their associations with all-cause and cardiovascular 
mortality in hypertensive patients using machine learning techniques.

Methods  Data from 9432 hypertensive participants in the National Health and Nutrition Examination Survey 
(NHANES) 1999–2018 were analysed. Cox proportional hazards models and restricted cubic splines were employed 
to explore mortality risk and potential nonlinear relationships. Machine learning models were utilized to assess the 
predictive value of the TyG index and its derivatives for mortality outcomes.

Results  The TyG index and its derivatives were independent predictors of both all-cause and cardiovascular mortality 
in hypertensive patients. The TyG–WHtR exhibited the strongest association, with each 1-unit increase linked to 
a 41.7% and 48.1% higher risk of all-cause and cardiovascular mortality, respectively. L-shaped relationships were 
observed between TyG-related indices and mortality. The incorporation of the TyG index or its derivatives into 
predictive models modestly improved the prediction performance for mortality outcomes.

The triglyceride–glucose index and its 
obesity-related derivatives as predictors 
of all-cause and cardiovascular mortality 
in hypertensive patients: insights 
from NHANES data with machine learning 
analysis
Chenyang Li1†, Zixi Zhang2†, Xiaoqin Luo3, Yichao Xiao2, Tao Tu2, Chan Liu4, Qiming Liu2, Cancan Wang5, 
Yongguo Dai6, Zeying Zhang7, Cheng Zheng1* and Jiafeng Lin1*

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12933-025-02591-1&domain=pdf&date_stamp=2025-1-26


Page 2 of 13Li et al. Cardiovascular Diabetology           (2025) 24:47 

Background
Hypertension (HTN) is a prevalent chronic disease and a 
leading risk factor for cardiovascular and cerebrovascu-
lar events. Despite global efforts, HTN control remains 
a significant public health challenge. From 1990 to 2019, 
the global prevalence of HTN doubled from 650 million 
to 1.3 billion individuals [1]. By 2025, the prevalence of 
HTN among adults is projected to reach 29.2%, which 
is expected to be driven primarily by population ageing 
[2]. Among adults with HTN aged 30–79 years, approxi-
mately 42% receive antihypertensive treatment, but only 
21% achieve adequate blood pressure control [3]. In the 
United States, the average annual direct medical cost per 
patient with HTN is $5768, contributing to a national 
healthcare expenditure of $173 billion. Globally, HTN-
related healthcare costs range from $131 billion to $198 
billion annually, imposing a substantial economic burden 
[4–6]. Early identification and intervention in high-risk 
HTN patients may reduce adverse outcomes and provide 
a cost-effective management strategy.

The pathophysiology of HTN is closely linked to meta-
bolic abnormalities, with insulin resistance (IR) playing 
a pivotal role. IR is characterized by a diminished tissue 
response to insulin, resulting in impaired glucose uptake, 
hyperglycaemia, and various metabolic disorders [7]. IR 
has been significantly associated with increased cardio-
vascular disease (CVD) risk [8–10]. However, traditional 
IR assessment methods, such as the hyperinsulinaemic-
euglycaemic clamp, are complex and costly, making 
them impractical for large-scale screening. Additionally, 
no universally accepted IR metrics exist for hyperten-
sive populations, limiting the ability to conduct broader 
research and develop clinical applications. The triglycer-
ide–glucose (TyG) index has emerged as a reliable alter-
native marker for IR, demonstrating superior sensitivity 
and specificity in clinical and epidemiological studies 
[11]. To increase its predictive value for CVD risk, deriva-
tives of the TyG index incorporating obesity-related met-
rics, such as body mass index (BMI), waist circumference 
(WC), and the waist-to-height ratio (WHtR), have been 
developed (TyG–BMI, TyG–WC, TyG–WHtR). Zhu 
et al. [12] reported that TyG–WC exhibited the stron-
gest association with CVD risk, whereas Ren et al. [13] 
reported that moderate or high TyG–WHtR was signifi-
cantly associated with increased CVD risk after adjusting 
for confounders. These indices may serve as effective pre-
dictors of CVD risk.

Although the TyG index and its derivatives have been 
implicated in the pathophysiology of HTN, studies 
investigating their associations with mortality outcomes 
remain limited. Furthermore, the potential of machine 
learning techniques to evaluate the relationships among 
the TyG index, its derivatives, and long-term mortality 
in hypertensive populations has yet to be fully explored. 
In this study, we sought to address these knowledge gaps 
by applying machine learning approaches to assess the 
predictive value of the TyG index and its obesity-related 
derivatives for all-cause and cardiovascular mortality in 
hypertensive patients, with the aim of improving risk 
stratification and informing strategies for adverse out-
come prevention in this high-risk population.

Methods
Study design and population
In the present study, we utilized data from the National 
Health and Nutrition Examination Survey (NHANES), 
which was conducted by the Centers for Disease Con-
trol and Prevention (CDC) and the National Center for 
Health Statistics (NCHS). Details of the NHANES study 
design and methodology have been previously described 
[14]. The study protocols were approved by the NCHS 
Research Ethics Review Board, and all participants pro-
vided written informed consent. We conducted this 
study in accordance with the Strengthening the Report-
ing of Observational Studies in Epidemiology (STROBE) 
reporting guidelines.

Data from 10 survey cycles (1999–2018) were retrieved 
from the NHANES website ​(​​​h​t​​t​p​s​​:​/​/​w​​w​w​​.​c​d​c​.​g​o​v​/​n​c​h​s​
/​n​h​a​n​e​s​/​i​n​d​e​x​.​h​t​m​​​​​)​. The inclusion criteria were as fol-
lows: (1) all participants aged ≥ 20  years from NHANES 
1999–2018 with diagnosed HTN. The exclusion crite-
ria were as follows: (1) missing fasting plasma glucose 
(FPG) data; (2) missing triglyceride (TG) data; (3) missing 
BMI data; (4) missing WC data; and (5) missing follow-
up data. Blood pressure measurements were averaged 
from three readings. HTN was defined as a mean systolic 
blood pressure (SBP) ≥ 140 mmHg, mean diastolic blood 
pressure (DBP) ≥ 90 mmHg, or current use of antihyper-
tensive medication. A total of 9432 eligible participants 
were included. The selection process is illustrated in Sup-
plementary Fig. 1.

Conclusions   The TyG index and its derivatives are significant predictors of mortality in hypertensive patients. 
Their inclusion in predictive models enhances risk stratification and may aid in the early identification of high-risk 
individuals in this population. Further studies are needed to validate these findings in external hypertensive cohorts.

Keywords  Triglyceride–glucose (TyG) index, Hypertension, Mortality, Machine learning, National Health and Nutrition 
Examination Survey (NHANES)
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Assessment of the TyG index and its combined obesity 
indices
The TyG index was calculated as follows [15]:

	 TyG = ln [TG(mg/dL) × FPG(mg/dL)/2]

The combined obesity indices were defined as follows 
[16, 17]:

	 TyG − BMI = TyG × BMI

	 TyG − WC = TyG × WC

	 TyG − WHtR = TyG × WC/height

The participants were categorized into quartiles (Q1, Q2, 
Q3, and Q4) for each index, with Q1 serving as the refer-
ence group.

Assessment of mortality
Mortality data were linked to the National Death Index 
(NDI), which provides cause-of-death information. The 
follow-up period was calculated from the baseline inter-
view to either the date of death or December 31, 2019. 
The primary outcomes included all-cause and cardiovas-
cular mortality. All-cause mortality was defined as death 
from any cause, including heart disease, malignant neo-
plasms, chronic lower respiratory diseases, unintentional 
injuries, cerebrovascular diseases, Alzheimer’s disease, 
diabetes mellitus (DM), influenza or pneumonia, kid-
ney disease, or other causes. Cardiovascular mortality 
included deaths from heart disease or cerebrovascular 
disease, coded as UCOD_LEADING = 001 or 005.

Covariates
Baseline sociodemographic and health-related data 
were collected via structured interviews. The variables 
included age, sex, race, marital status, education level, 
BMI, WC, SBP, DBP, smoking status, alcohol consump-
tion status, and comorbidities [coronary heart disease 
(CHD), angina, congestive heart failure (CHF), stroke, 
and DM]. The laboratory variables included FPG, gly-
cosylated haemoglobin (HbA1c), total cholesterol (TC), 
TG, albumin (ALB), white blood cell (WBC) count, hae-
moglobin (Hb), C-reactive protein (CRP), and serum cre-
atinine. The estimated glomerular filtration rate (eGFR) 
was calculated using the 2009 Chronic Kidney Disease 
Epidemiology Collaboration creatinine equation [18].

Statistical analysis
Baseline characteristics were stratified by quartiles of 
the TyG index and its combined obesity indices. Con-
tinuous variables are presented as the means ± standard 
deviations, whereas categorical variables are expressed as 

frequency counts and percentages. P values for continu-
ous variables were calculated using one-way ANOVA, 
and Pearson’s chi-square test was used for categori-
cal variables. Missing data were imputed using multiple 
imputation methods. The statistical analyses incorpo-
rated sample weights, clustering, and stratification due 
to the complex multistage stratified probability survey 
design employed in the NHANES. Mortality outcomes 
were assessed via Kaplan–Meier (K–M) survival curves 
and log-rank tests. Cox proportional hazards models 
were used to evaluate the prognostic significance of the 
TyG index and its combined obesity indices. Three Cox 
models were constructed with different levels of adjust-
ment: Model 1 was unadjusted; Model 2 was adjusted for 
age, sex, race, smoking status, alcohol consumption sta-
tus, and BMI; and Model 3 was adjusted for age, sex, race, 
smoking status, alcohol consumption status, BMI, stroke 
status, DM status, TC levels, and the eGFR. Restricted 
cubic spline (RCS) analysis was performed to assess non-
linear relationships of the TyG index and its combined 
obesity indices with all-cause and cardiovascular mortal-
ity. The number of knots was set to 3.

The state-of-the-art machine learning techniques were 
used to further address the variable covariance and its 
effect on the results. To simplify the machine learning 
models, we performed feature selection to identify the 
predictor variables most important for outcome pre-
diction. First, predictor variables with near-zero vari-
ance (< 5% unique value) were eliminated. Two feature 
selection methods—least absolute shrinkage and selec-
tion operator (LASSO) and the Boruta algorithm—were 
subsequently used to identify significant predictors for 
machine learning analysis. The results from both meth-
ods were combined, and variables that appeared consis-
tently were selected for constructing the basic model. The 
final basic model variables included were age, BMI, CHF 
status, CRP levels, the eGFR, education level, mean SBP, 
smoking status, TC levels, and the WBC count. Feature 
selection was performed using the Glmnet, Boruta, and 
Caret packages in R.

The following machine learning algorithms were 
applied to the dataset after variable selection, and the 
combined dataset was used for model development: 
logistic regression, k-nearest neighbours (K-NN), naive 
Bayes, support vector machines (SVMs), random for-
ests, eXtreme Gradient Boosting (XGBoost), and neu-
ral networks. Fivefold cross-validation with five random 
shufflings (5 × 5) was used to evaluate model perfor-
mance and determine the best hyperparameters. Model 
performance was evaluated using the mean area under 
the receiver operating characteristic curve (AUROC) 
across the five folds. The best-performing machine learn-
ing model for each dataset was selected on the basis of 
its AUROC. The caret package in R was used for model 
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development. Details of the functions, packages, and tun-
ing parameters for each machine learning algorithm are 
provided in Supplementary Table 1. The best-performing 
machine learning algorithm was then applied to assess 
the performance of the basic model and four optimized 
models incorporating the TyG index, TyG–BMI, TyG–
WC, and TyG–WHtR by comparing their concordance 
statistics (C statistics). The differences in C statistics were 
assessed using the bootstrap method. All the statistical 
analyses were performed using R version 4.3.2 (R Foun-
dation for Statistical Computing), along with Zstats v0.90 
(www.medsta.cn/software). A P value < 0.05 was consid-
ered to indicate statistical significance.

Results
Baseline characteristics of the participants
A total of 9432 hypertensive participants were included 
in the study. The baseline characteristics stratified by 
all-cause and cardiovascular death outcomes are pre-
sented in Table 1. Compared with survivors, participants 
who died from all-cause or cardiovascular events were 
more likely to be older, male, and non-Hispanic White 
and to smoke and have a lower BMI. Among hyperten-
sive patients who experienced all-cause or cardiovascu-
lar death, DM was the most prevalent comorbidity, with 
rates of 33.81% and 35.61%, respectively. Significant dif-
ferences in the TyG index and TyG–BMI were observed 
between groups stratified by outcome. Hypertensive 
patients who died had higher TyG indices but lower 
TyG–BMI values. Baseline characteristics stratified by 
quartiles of the TyG index and its derivatives are detailed 
in Supplementary Tables 2–5.

Clinical outcomes for all-cause and cardiovascular 
mortality
During a mean follow-up period of 110 ± 1.4  months, 
there were 2348 cases of all-cause mortality and 801 cases 
of cardiovascular mortality among hypertensive patients. 
The all-cause mortality rate was 27.1 per 1000 person-
years, whereas the cardiovascular mortality rate was 9.3 
per 1000 person-years. K–M survival analysis revealed 
significant differences in all-cause mortality rates across 
quartiles of the TyG index, TyG–BMI, and TyG–WHtR. 
Specifically, the highest all-cause mortality rates were 
observed in Q4 of the TyG index, Q1 of TyG–BMI, and 
Q4 of TyG–WHtR (log-rank P TyG = 0.002; log-rank P 
TyG–BMI < 0.001; log-rank P TyG–WHtR = 0.044, respectively). 
Similar patterns were observed in cardiovascular mortal-
ity across these quartiles (Fig. 1).

The Cox regression models used to assess the asso-
ciations of the TyG index and its derived indices with 
all-cause mortality are presented in Table  2. The TyG 
index, as a continuous variable, was significantly asso-
ciated with all-cause mortality in both the unadjusted 

and adjusted models. In the fully adjusted Model 3, each 
1-unit increase in the TyG index was associated with 
a 13.1% higher risk of all-cause mortality (hazard ratio 
[HR]: 1.131, 95% confidence interval [CI]: 1.021–1.252, 
P = 0.018). When the data were stratified by quartiles, 
Q2 and Q4 were positively associated with all-cause 
mortality in the unadjusted model, but this significance 
disappeared after covariate adjustment. In contrast, the 
TyG–BMI was significantly associated with all-cause 
mortality both before and after adjustment, with Q2 
demonstrating a protective effect (HR: 0.802, 95% CI: 
0.673–0.956; P = 0.014). TyG–WC, as a continuous vari-
able, was not associated with all-cause mortality in the 
unadjusted model (P = 0.834) but became significant after 
adjustment (HR: 1.002, 95% CI 1.001–1.002; P < 0.001). 
The Q4 of TyG–WC also showed a significant positive 
association with all-cause mortality after adjusting for 
covariates (HR: 1.435, 95% CI 1.055–1.952; P = 0.022). 
The TyG–WHtR exhibited the strongest association with 
all-cause mortality, with each 1-unit increase associated 
with a 41.7% increased risk (P < 0.001). Similarly, the Q4 
of the TyG–WHtR remained significantly associated with 
all-cause mortality after adjustment (HR: 1.677, 95% CI 
1.288–2.184; P < 0.001).

The Cox regression models also revealed significant 
associations between the TyG index, TyG–BMI, TyG–
WC, and TyG–WHtR and cardiovascular mortality, both 
before and after covariate adjustment (Table 2). Notably, 
TyG–WHtR had the strongest association, with each 
1-unit increase corresponding to a 48.1% increase in car-
diovascular mortality risk (P < 0.001).

Nonlinear relationships between the TyG index and 
mortality
A multivariable Cox proportional hazards regression 
model with RCS analysis was used to assess the nonlin-
ear relationships of the TyG index and its derived indi-
ces with all-cause mortality and cardiovascular mortality. 
After adjusting for covariates, a significant L-shaped rela-
tionship was observed for the TyG index and its derived 
indices with both all-cause (nonlinear P < 0.001) and car-
diovascular mortality (nonlinear P < 0.05), as depicted in 
Fig. 2.

Feature selection in machine learning
The correlation matrix for the study variables is pre-
sented in Fig.  3, and the significant relationships are 
highlighted. Age was significantly negatively correlated 
with the eGFR, and there was a significant negative cor-
relation between height and sex. Additionally, the TyG 
index and its combined obesity indices were significantly 
positively correlated with height, weight, BMI, WC and 
WHtR. Feature selection using the Boruta algorithm 
identified the TyG index and its associated indices as 

http://www.medsta.cn/software
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Table 1  Characteristics of HTN patients according to the presence of both all-cause and cardiovascular mortality
All-cause mortality Cardiovascular mortality
Survivor Non-Survivor P value Survivor Non-Survivor P value
N = 7084 N = 2348 N = 8631 N = 801

Age (y) 53.97 (0.23) 68.11 (0.40)  < 0.001 55.81 (0.23) 69.58 (0.58)  < 0.001
Sex (n, %) 0.329 0.040
  Male 3386 (49.13) 1256 (50.49) 4202 (49.12) 440 (53.57)
  Female 3698 (50.87) 1092 (49.51) 4429 (50.88) 361 (46.43)
Marital status (n, %)  < 0.001  < 0.001
  Married 4703 (68.62) 1829 (78.19) 5901 (69.92) 631 (78.38)
  Divorced 1129 (14.30) 322 (12.85) 1345 (14.10) 106 (12.94)
  Never married 1252 (17.07) 197 (8.97) 1385 (15.98) 64 (8.68)
Race (n, %)  < 0.001 0.001
  Mexican American 1060 (5.99) 301 (3.30) 1265 (5.64) 96 (3.16)
  Other Hispanic 618 (4.73) 100 (3.09) 684 (4.50) 34 (3.09)
  Non-Hispanic White 2942 (69.38) 1402 (78.14) 3878 (70.73) 466 (75.94)
  Non-Hispanic Black 1821 (13.12) 471 (11.59) 2115 (12.76) 177 (13.79)
  Other races 643 (6.78) 74 (3.89) 689 (6.37) 28 (4.02)
Education level (n, %)  < 0.001  < 0.001
  Less than high school 1929 (17.25) 923 (29.51) 2540 (18.87) 312 (30.35)
  High school or equivalent 1718 (25.91) 611 (29.81) 2124 (26.52) 205 (28.69)
  College or above 3437 (56.85) 814 (40.68) 3967 (54.61) 284 (40.96)
Alcohol consumption status (n, %) 0.003 0.001
  < 5 drinks/year 6269 (89.09) 2152 (91.84) 7677 (89.33) 744 (93.85)
  5–9 drinks/year 628 (8.36) 160 (6.84) 744 (8.27) 44 (5.05)
  ≥ 10 drinks/year 187 (2.55) 36 (1.33) 210 (2.40) 13 (1.10)
Smoking status (n, %)  < 0.001 0.072
  No 3723 (50.78) 962 (39.55) 4326 (48.90) 359 (44.73)
  Yes 3361 (49.22) 1386 (60.45) 4305 (51.10) 442 (55.27)
Mean SBP (mmHg) 132.30 (0.31) 140.02 (0.62)  < 0.001 133.21 (0.29) 142.18 (1.01)  < 0.001
Mean DBP (mmHg) 74.48 (0.28) 67.83 (0.44)  < 0.001 73.62 (0.26) 67.13 (0.77)  < 0.001
Height (cm) 168.71 (0.16) 166.72 (0.27)  < 0.001 168.46 (0.16) 166.47 (0.46)  < 0.001
Weight (kg) 89.02 (0.36) 81.22 (0.65)  < 0.001 87.89 (0.32) 82.13 (1.12)  < 0.001
BMI (kg/m2) 31.17 (0.12) 29.04 (0.19)  < 0.001 30.85 (0.11) 29.45 (0.35)  < 0.001
WC (cm) 105.14 (0.28) 103.06 (0.51)  < 0.001 104.79 (0.25) 103.99 (0.81) 0.349
Stroke (n, %) 353 (4.10) 289 (11.57)  < 0.001 527 (5.03) 115 (13.03)  < 0.001
DM (n, %) 1900 (21.18) 835 (33.81)  < 0.001 2442 (22.79) 293 (35.61)  < 0.001
CHD (n, %) 403 (5.35) 315 (14.21)  < 0.001 586 (6.31) 132 (18.03)  < 0.001
CHF (n, %) 292 (3.35) 280 (11.82)  < 0.001 460 (4.35) 112 (14.21)  < 0.001
Angina (n, %) 275 (3.82) 223 (10.05)  < 0.001 397 (4.46) 101 (13.21)  < 0.001
FPG (mg/dL) 112.05 (0.61) 121.30 (1.31)  < 0.001 113.10 (0.59) 124.68 (2.42)  < 0.001
HbA1c (%) 5.81 (0.02) 6.03 (0.03)  < 0.001 5.83 (0.02) 6.17 (0.06)  < 0.001
TC (mg/dL) 198.46 (0.73) 196.68 (1.04) 0.135 198.25 (0.65) 196.22 (2.09) 0.323
TG (mg/dL) 150.63 (2.21) 151.24 (2.67) 0.857 150.81 (1.99) 149.78 (4.08) 0.819
ALB (g/dL) 4.21 (0.01) 4.15 (0.01)  < 0.001 4.20 (0.01) 4.14 (0.02)  < 0.001
WBC (× 109/L) 6.94 (0.04) 7.33 (0.08)  < 0.001 7.00 (0.04) 7.20 (0.09) 0.048
Hb (g/dL) 14.41 (0.03) 14.12 (0.05)  < 0.001 14.37 (0.03) 14.10 (0.06)  < 0.001
CRP (mg/dL) 0.55 (0.02) 0.67 (0.03) 0.002 0.57 (0.02) 0.66 (0.05) 0.122
eGFR (mL/min/1.73m2) 87.67 (0.41) 73.06 (0.68)  < 0.001 85.79 (0.38) 71.20 (1.15)  < 0.001
TyG index 8.83 (0.01) 8.91 (0.02)  < 0.001 8.84 (0.01) 8.94 (0.03) 0.009
TyG–BMI 276.17 (1.27) 260.05 (2.04)  < 0.001 273.67 (1.15) 264.39 (3.56) 0.015
TyG–WC 931.24 (3.48) 921.65 (5.66) 0.162 929.22 (3.12) 932.33 (8.90) 0.745
TyG–WHtR 5.53 (0.02) 5.53 (0.03) 0.881 5.52 (0.02) 5.60 (0.05) 0.135
Bold values indicate statistical significance. A P value < 0.05 was considered to indicate statistical significance

ALB Albumin; BMI Body mass index; CHD Coronary heart disease; CHF Chronic heart failure; CRP C-reactive protein; DBP Diastolic blood pressure; DM Diabetes mellitus; 
eGFR Estimated glomerular filtration rate; FPG Fasting plasma glucose; Hb Haemoglobin; HbA1c Glycosylated haemoglobin; HTN Hypertension; SBP systolic blood 
pressure; TC Total cholesterol; TG Triglyceride; TyG Triglyceride–glucose; WBC White blood cell; WC Waist circumference; WHtR Waist-to-height ratio
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significant predictors of adverse outcomes in hyperten-
sive patients (Fig.  4). LASSO regression further refined 
the selection. While 10 variables were ultimately selected 
for predicting all-cause mortality, only 3 variables (age, 
angina, and mean SBP) were chosen for cardiovascular 
mortality. However, the limited number of variables for 
cardiovascular mortality led to poor predictive perfor-
mance (AUROC = 0.548). To address this, we included 
the same variables used for all-cause mortality, aiming to 
improve the model’s predictive ability and to facilitate a 
better assessment of the incremental predictive value of 
TyG and its derivatives across different outcomes. The 
final variables included in the basic model were age, BMI, 
CHF status, CRP levels, the eGFR, education level, mean 
SBP, smoking status, TC levels, and the WBC count. The 
detailed results of the feature selection processes are 
provided in Supplementary Table  6 and Supplementary 
Fig.  2. On the basis of the basic model, we constructed 
four improved models by incorporating the TyG index 
and its derivatives separately to assess their predictive 
value for fatal events.

Model development and validation
The hyperparameters, tuning ranges, and optimal param-
eters for the machine learning models are presented 
in Supplementary Table  1. The performance of the six 
basic models for all-cause and cardiovascular mortality 
are compared in Table 3. In the all-cause mortality basic 
model, the AUROC for logistic regression was 0.8115, the 
K-NN was 0.8028, the naive Bayes model was 0.8041, the 
SVM was 0.8133, the random forest model was 0.8227, 
and XGBoost was 0.8262. Similarly, in the cardiovas-
cular mortality basic model, logistic regression had an 
AUROC of 0.7612, K-NN had 0.7567, naive Bayes had 

0.7618, SVM had 0.6168, random forests had 0.7579, and 
XGBoost had 0.7687.

Incremental predictive value of the TyG index and its 
derivatives
The incremental predictive value of the TyG index, TyG–
BMI, TyG–WC, and TyG–WHtR for all-cause and car-
diovascular mortality are summarized in Table  4. The 
addition of these indices to the basic model improved 
the C statistic. Notably, in the modified all-cause mor-
tality model, both the TyG index and TyG–WC yielded 
the most substantial improvements. In the cardiovascu-
lar model, the TyG–BMI displayed the greatest enhance-
ment, as shown in Fig.  5. Overall, integrating the TyG 
index and its derivatives enhanced risk stratification and 
discrimination for mortality outcomes in hypertensive 
patients.

Discussion
To our knowledge, this is the first study in which machine 
learning and multidimensional approaches were used 
to investigate the associations of the TyG index and its 
obesity-related derivatives (TyG–BMI, TyG–WC, and 
TyG–WHtR) with all-cause and cardiovascular mortal-
ity in patients with HTN. The key findings of our study 
are as follows: (1) The TyG index and its derivatives 
are independent predictors of both all-cause mortality 
and cardiovascular mortality in hypertensive patients. 
(2) Among the indices, TyG–WHtR showed the stron-
gest association with mortality outcomes, with a 1-unit 
increase associated with a 41.7% and 48.1% increased 
risk of all-cause mortality and cardiovascular mortal-
ity, respectively. (3) There was an L-shaped relation-
ship of the TyG index and its derivatives with all-cause 

Fig. 1  K–M analyses for all-cause (a, b, c, and d) and cardiovascular mortality (e, f, g, and h) among the TyG index and its derivatives. BMI, Body mass index; 
K–M, Kaplan–Meier; TyG, Triglyceride‒glucose; WC, Waist circumference; WHtR, Waist-to-height ratio
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Indices Groups Number Model 1 Model 2 Model 3
HR (95% CI) P value HR (95% CI) P value HR (95% CI) P value

All-cause mortality
TyG index Continuous N = 9432 1.195 (1.095–1.304) < 0.001 1.244 (1.134–1.364) < 0.001 1.131 (1.021–1.252) 0.018

Q1 (< 8.39) N = 2461 1(Ref ) 1(Ref ) 1(Ref )
Q2 [8.39–8.79) N = 2338 1.204 (1.014–1.428) 0.034 1.053 (0.921–1.204) 0.448 1.017 (0.885–1.168) 0.817
Q3 [8.79–9.23) N = 2310 1.104 (0.926–1.318) 0.270 1.023 (0.876–1.196) 0.773 0.937 (0.792–1.108) 0.444
Q4 (≥ 9.23) N = 2323 1.347 (1.141–1.589) < 0.001 1.312 (1.112–1.549) 0.001 1.111 (0.928–1.331) 0.251
P for trend 0.002 0.003 0.418

TyG–BMI Continuous N = 9432 0.997 (0.996–0.998) < 0.001 1.008 (1.005–1.011) < 0.001 1.005 (1.002–1.009) 0.002
Q1 (< 223.94) N = 2431 1(Ref ) 1(Ref ) 1(Ref )
Q2 [223.94–263.44) N = 2481 0.755 (0.651–0.875) < 0.001 0.884 (0.744–1.050) 0.159 0.802 (0.673–0.956) 0.014
Q3 [263.44–311.77) N = 2353 0.677 (0.584–0.785) < 0.001 1.029 (0.798–1.327) 0.826 0.864 (0.669–1.116) 0.264
Q4 (≥ 311.77) N = 2167 0.591 (0.500–0.699) < 0.001 1.498 (1.073–2.090) 0.018 1.112 (0.780–1.586) 0.556
P for trend  < 0.001 0.153 0.865

TyG–WC Continuous N = 9432 1.000 (1.000–1.000) 0.834 1.002 (1.001–1.003) < 0.001 1.002 (1.001–1.002) < 0.001
Q1 (< 806.88) N = 2443 1(Ref ) 1(Ref ) 1(Ref )
Q2 [806.88–914.32) N = 2467 0.880 (0.745–1.039) 0.131 0.930 (0.782–1.106) 0.414 0.868 (0.730–1.032) 0.109
Q3 [914.32–1038.15) N = 2369 0.870 (0.740–1.022) 0.090 1.063 (0.851–1.329) 0.591 0.939 (0.751–1.174) 0.582
Q4 (≥ 1038.15) N = 2153 0.993 (0.827–1.193) 0.941 1.785 (1.338–2.382) < 0.001 1.435 (1.055–1.952) 0.022
P for trend 0.853  < 0.001 0.052

TyG–WHtR Continuous N = 9432 1.072 (1.009–1.140) 0.025 1.525 (1.356–1.715) < 0.001 1.417 (1.250–1.608) < 0.001
Q1 (< 4.80) N = 2274 1(Ref ) 1(Ref ) 1(Ref )
Q2 [4.80–5.44) N = 2368 0.955 (0.816–1.116) 0.560 0.973 (0.841–1.125) 0.709 0.935 (0.804–1.086) 0.376
Q3 [5.44–6.16) N = 2466 1.092 (0.912–1.307) 0.337 1.249 (0.997–1.566) 0.053 1.142 (0.908–1.435) 0.257
Q4 (≥ 6.16) N = 2324 1.156 (0.977–1.369) 0.092 2.041 (1.597–2.608) < 0.001 1.677 (1.288–2.184) < 0.001
P for trend 0.045  < 0.001  < 0.001

Cardiovascular mortality
TyG index Continuous N = 9432 1.259 (1.088–1.457) 0.002 1.336 (1.128–1.582) < 0.001 1.207 (1.005–1.449) 0.044

Q1 (< 8.39) N = 2461 1(Ref ) 1(Ref ) 1(Ref )
Q2 [8.39–8.79) N = 2338 1.268 (0.972–1.656) 0.081 1.104 (0.855–1.427) 0.447 1.059 (0.820–1.368) 0.661
Q3 [8.79–9.23) N = 2310 1.218 (0.949–1.565) 0.122 1.138 (0.892–1.453) 0.298 1.031 (0.811–1.310) 0.804
Q4 (≥ 9.23) N = 2323 1.514 (1.150–1.993) 0.003 1.501 (1.127–1.998) 0.005 1.254 (0.930–1.691) 0.137
P for trend 0.007 0.006 0.168

TyG–BMI Continuous N = 9432 0.998 (0.997–1.000) 0.028 1.010 (1.005–1.016) < 0.001 1.007 (1.001–1.013) 0.016
Q1 (< 223.94) N = 2431 1(Ref ) 1(Ref ) 1(Ref )
Q2 [223.94–263.44) N = 2481 0.740 (0.589–0.931) 0.010 0.860 (0.631–1.172) 0.339 0.775 (0.560–1.073) 0.125
Q3 [263.44–311.77) N = 2353 0.730 (0.579–0.920) 0.008 1.139 (0.742–1.749) 0.552 0.945 (0.604–1.479) 0.805
Q4 (≥ 311.77) N = 2167 0.717 (0.551–0.934) 0.014 1.921 (0.995–3.709) 0.052 1.401 (0.700–2.803) 0.341
P for trend 0.012 0.133 0.588

TyG–WC Continuous N = 9432 1.000 (1.000–1.001) 0.176 1.002 (1.001–1.003) < 0.001 1.002 (1.000–1.003) 0.011
Q1 (< 806.88) N = 2443 1(Ref ) 1(Ref ) 1(Ref )
Q2 [806.88–914.32) N = 2467 0.894 (0.707–1.132) 0.353 0.866 (0.662–1.132) 0.292 0.799 (0.608–1.051) 0.109
Q3 [914.32–1038.15) N = 2369 0.871 (0.678–1.120) 0.282 0.958 (0.670–1.371) 0.815 0.834 (0.568–1.224) 0.354
Q4 (≥ 1038.15) N = 2153 1.157 (0.889–1.506) 0.279 1.783 (1.159–2.742) 0.009 1.404 (0.865–2.278) 0.170
P for trend 0.359 0.021 0.286

Table 2  Cox regression models for the associations between TyG-related indices and mortality in patients with HTN
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and cardiovascular mortality. (4) Incorporating the TyG 
index and its derivatives into predictive models modestly 
improved the prediction of mortality outcomes, with the 
TyG index and TyG–WC providing the greatest improve-
ment in predicting all-cause mortality, whereas the 
TyG–BMI yielded the most significant increase in cardio-
vascular mortality prediction.

HTN remains a major global public health issue, and its 
coexistence with IR poses a dual burden that accelerates 
cardiovascular and metabolic complications. The TyG 
index and its derivatives have emerged as reliable sur-
rogate markers of IR, providing critical insights into the 
link between metabolic dysfunction and adverse cardio-
vascular outcomes. A study by Tao et al. [19] reported 
that an elevated TyG index is a significant prognostic 
marker for adverse events in patients with both CHD 
and HTN, with a 47.0% increased risk of major adverse 
cardiovascular events (MACEs) in the highest TyG index 
group over a 1-year follow-up [odds ratio (OR): 1.470, 

95% CI 1.071–2.018]. Similarly, a post hoc analysis from 
the Systolic Blood Pressure Intervention Trial (SPRINT) 
revealed that a 1-unit increase in the TyG index was asso-
ciated with a greater risk of MACEs (HR: 1.40, 95% CI 
1.20–1.64, P < 0.01), with no significant sex-based differ-
ences (P = 0.0776) [20]. In patients with chronic coronary 
syndrome undergoing percutaneous coronary interven-
tion, the TyG index also demonstrated predictive util-
ity for MACE occurrence [21]. Further studies have 
combined obesity-related metrics with the TyG index to 
derive novel indices with improved predictive capabili-
ties. Dang et al. [22] reported that the TyG–WHtR was 
the strongest predictor of cardiovascular mortality (HR: 
1.66, 95%: CI 1.21–2.29), outperforming the TyG index 
and TyG–WC in terms of diagnostic accuracy. Addition-
ally, Li et al. [23] demonstrated a significant association 
between the TyG–BMI and CVD incidence in a Chinese 
population (OR: 1.168, 95% CI 1.040–1.310). The grow-
ing global prevalence of HTN and IR, as highlighted in 

Fig. 2  Associations of the TyG index and its derivatives with all-cause and cardiovascular mortality in patients with HTN. BMI, Body mass index; HR, Hazard 
ratio; HTN, Hypertension; TyG, Triglyceride–glucose; WC, Waist circumference; WHtR, Waist-to-height ratio

 

Indices Groups Number Model 1 Model 2 Model 3
HR (95% CI) P value HR (95% CI) P value HR (95% CI) P value

TyG–WHtR Continuous N = 9432 1.148 (1.045–1.261) 0.004 1.609 (1.351–1.917) < 0.001 1.481 (1.217–1.802) < 0.001
Q1 (< 4.80) N = 2274 1(Ref ) 1(Ref ) 1(Ref )
Q2 [4.80–5.44) N = 2368 1.008 (0.768–1.322) 0.955 0.965 (0.727–1.281) 0.804 0.917 (0.691–1.218) 0.551
Q3 [5.44–6.16) N = 2466 1.252 (0.964–1.626) 0.092 1.340 (0.951–1.888) 0.094 1.210 (0.845–1.732) 0.298
Q4 (≥ 6.16) N = 2324 1.392 (1.055–1.835) 0.019 2.257 (1.435–3.550) < 0.001 1.812 (1.114–2.948) 0.017
P for trend 0.005  < 0.001 0.017

Bold values indicate statistical significance. A P value < 0.05 was considered to indicate statistical significance

BMI Body mass index; CI Confidence interval; DM Diabetes mellitus; eGFR Estimated glomerular filtration rate; HR Hazard ratio; HTN Hypertension; TC Total cholesterol; 
TyG Triglyceride–glucose; WC Waist circumference; WHtR Waist-to-height ratio

Model 1: No covariates were adjusted for

Model 2: Adjusted for age, sex, race, smoking status, alcohol consumption status, and BMI

Model 3: Adjusted for age, sex, race, smoking status, alcohol consumption status, BMI, stroke status, DM status, TC levels, and the eGFR

Table 2  (continued) 
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these studies, aligns with our findings and reinforces the 
consistent epidemiological evidence supporting the TyG 
index as a robust risk stratification tool.

Our analysis confirmed that the TyG index and its 
derivatives are strongly associated with both all-cause 
and cardiovascular mortality, maintaining their predic-
tive value even after multivariable adjustment. Although 
some HRs in our study appeared to be moderate, they 
remained statistically significant and clinically mean-
ingful, particularly given the long follow-up period and 
the high-risk profile of the hypertensive population. For 
example, a 13.1% increase in all-cause mortality risk per 

1-unit increase in the TyG index was substantial over a 
nearly 10-year mean follow-up. Moreover, the 41.7% and 
48.1% elevated risks associated with a 1-unit increase in 
the TyG–WHtR for all-cause and cardiovascular mor-
tality, respectively, represent significant increases in risk 
that warrant clinical attention. Our analysis confirmed 
that the TyG index and its derivatives remain significant 
predictors of mortality even after adjusting for multiple 
confounders, underscoring their utility in risk stratifi-
cation among hypertensive patients. Despite the mod-
erate magnitude of some associations, the consistent 
significance across models and indices highlights the 

Fig. 3  Pearson's correlations among the baseline clinical data. ALB, Albumin; BMI, Body mass index; CHD, Coronary heart disease; CHF, Congestive 
heart failure; CRP, C-reactive protein; DBP, Diastolic blood pressure; DM, Diabetes mellitus; eGFR, Estimated glomerular filtration rate; HbA1c, glycosylated 
haemoglobin; SBP, Systolic blood pressure; TC, Total cholesterol; TyG, Triglyceride‒glucose; WBC, White blood cell; WC, Waist circumference; WHtR, Waist-
to-height ratio
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robustness of these predictors. In the context of complex, 
multifactorial diseases such as HTN, even modest asso-
ciations can have substantial clinical implications, partic-
ularly when they help identify individuals at higher risk 
who may benefit from targeted interventions.

Consistent with prior research linking IR, metabolic 
dysfunction, and cardiovascular outcomes [24–27], our 
findings underscore the utility of these indices in cardio-
vascular risk assessment. Among the derived indices, the 
TyG–WHtR demonstrated the strongest correlation with 
mortality outcomes, highlighting its potential for use 
in clinical risk stratification. The L-shaped associations 
between TyG-related indices and mortality observed in 
the RCS analysis further validated the increased risks 
associated with elevated indices. Discrepancies with 

previous studies should be noted. Hou et al. [28] reported 
no significant associations between the TyG index or 
TyG–BMI and survival outcomes in patients with CHD 
and HTN. In contrast, our results indicate that the TyG 
index and TyG–WC provide the greatest improvement 
in predicting all-cause mortality, whereas the TyG–BMI 
offers superior predictive performance for cardiovascular 
mortality. These differences may stem from variations in 
study populations, racial diversity, follow-up durations, 
or differences in BMI thresholds and definitions of meta-
bolic obesity across populations.

Machine learning offers distinct advantages in handling 
complex datasets and capturing nonlinear relationships 

Table 3  The performance of six basic models constructed with 
all-cause mortality and cardiovascular mortality as the outcome 
variables
Basic model AUC
All-cause mortality
Logistic 0.8114948
K-NN 0.8028286
Naive Bayes 0.8041313
SVM 0.8132667
Random forest 0.8227461
XGBoost 0.8261726
Cardiovascular mortality
Logistic 0.7612384
K-NN 0.7567034
Naive Bayes 0.7617524
SVM 0.616799
Random forest 0.7579192
XGBoost 0.7686703
K-NN k-nearest neighbours; SVM Support vector machine; XGBoost Extreme 
gradient boosting

Table 4  Incremental predictive value of the cumulative TyG 
index
Models AUC (95% CI) P value
All-cause mortality
Basic model 0.880 (0.872–0.889) Ref
Basic model + TyG index 0.908 (0.900–0.914)  < 0.001
Basic model + TyG–BMI 0.902 (0.894–0.910)  < 0.001
Basic model + TyG–WC 0.908 (0.901–0.916)  < 0.001
Basic model + TyG–WHtR 0.895 (0.887–0.904) 0.013
Cardiovascular mortality
Basic model 0.875 (0.862–0.888)
Basic model + TyG index 0.880 (0.866–0.882) 0.04
Basic model + TyG–BMI 0.887 (0.873–0.898)  < 0.001
Basic model + TyG–WC 0.879 (0.867–0.891) 0.014
Basic model + TyG–WHtR 0.878 (0.864–0.890) 0.072
Basic model: Adjusted for age, education level, mean SBP, smoking status, 
BMI, CHF status, the eGFR, TC levels, and the WBC count. Bold values indicate 
statistical significance. A P value < 0.05 was considered to indicate statistical 
significance

AUC Area under the receiver operating characteristic curve; BMI Body mass 
index; CHF Congestive heart failure; CI Confidence interval; eGFR, Estimated 
glomerular filtration rate; SBP Systolic blood pressure; TC Total cholesterol; TyG 
Triglyceride–glucose; WBC White blood cell; WC Waist circumference; WHtR 
Waist-to-height ratio

Fig. 4  Feature selection based on the Boruta algorithm. a All-cause mortality. b Cardiovascular mortality. ALB, Albumin; BMI, Body mass index; CHD, 
Coronary heart disease; CHF, Congestive heart failure; CRP, C-reactive protein; DBP, Diastolic blood pressure; DM, Diabetes mellitus; eGFR, Estimated 
glomerular filtration rate; HB, haemoglobin; SBP, Systolic blood pressure; TC, Total cholesterol; TyG, Triglyceride–glucose; WBC, White blood cell; WC, Waist 
circumference; WHtR, Waist-to-height ratio
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between variables. Unlike traditional statistical methods, 
which often assume linear associations, machine learn-
ing models excel in identifying intricate patterns and 
interactions among metabolic indices, sociodemographic 
factors, and mortality outcomes. In our study, XGBoost 
outperformed the other models, demonstrating supe-
rior predictive accuracy. By integrating machine learning 
models into clinical decision support systems, clinicians 
may achieve more precise risk stratification and tailor 
interventions to high-risk hypertensive patients [29]. 
The incorporation of TyG-related indices into a machine 
learning framework facilitates the early identification 
of hypertensive patients at the highest risk for mortal-
ity, enabling timely and targeted interventions. This 
approach aligns with the principles of precision medi-
cine, with the potential to optimize resource allocation 
and improve patient outcomes.

There are potential interactive mechanisms linking 
HTN, IR, and other CVDs. IR exacerbates endothe-
lial dysfunction, promotes vascular inflammation, and 
accelerates atherosclerosis, which are key contributors 
to CVD [30, 31]. Similarly, HTN induces haemodynamic 
stress, leading to left ventricular hypertrophy and vascu-
lar remodelling [32, 33]. The TyG index, as a surrogate 
marker for IR, captures these metabolic disturbances. 
When combined with obesity-related metrics such as 
WC or WHtR, this index offers a comprehensive assess-
ment of cardiometabolic risk by reflecting both central 
obesity and its metabolic consequences.

Our study has several limitations that warrant 
acknowledgement. First, the observational design of the 
NHANES data restricts causal inference. Although we 
adjusted for multiple confounders, residual confound-
ing cannot be entirely ruled out. Second, reliance on 
self-reported data for certain variables, such as smok-
ing and alcohol consumption, may introduce report-
ing bias. Third, the study cohort primarily comprised 
individuals from the United States, which may limit the 
generalizability of our findings to populations with differ-
ent genetic, environmental, and lifestyle factors. Finally, 
while the machine learning models demonstrated high 
predictive accuracy, they require external validation in 
diverse cohorts to ensure robustness and applicability in 
clinical settings.

Conclusions
In conclusion, our study highlights the TyG index and its 
derivatives as independent predictors of both all-cause 
and cardiovascular mortality in hypertensive patients. 
Incorporating TyG-related indices into a machine learn-
ing framework enhances the early identification of hyper-
tensive patients at the highest risk of adverse outcomes, 
enabling timely and precise interventions. Machine 
learning techniques offer potential advantages in improv-
ing individualized risk assessments. Future research 
should focus on validating these findings in other hyper-
tensive cohorts and integrating these indices into clinical 
practice to enhance the early detection and management 
of high-risk hypertensive patients.

Fig. 5  Efficacy of the basic model and four modified models. a All-cause mortality. b Cardiovascular mortality. AUROC, Area under the receiver operating 
characteristic curve; TyG, Triglyceride‒glucose; WC, Waist circumference; WHtR, Waist-to-height ratio
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