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Abstract
Background Diabesity, a co-occurrence of diabetes and obesity, is a growing public health concern globally. The 
triglyceride-glucose (TyG) index, a surrogate marker of insulin resistance, has been associated with various metabolic 
disorders. This study aimed to investigate the association between TyG index and new-onset diabesity in a national 
longitudinal study.

Methods We utilized data from the China Health and Retirement Longitudinal Study (CHARLS). Baseline data from 
the first wave (2011) and follow-up data from the third wave (2015) were analyzed. A Competing risks model based 
on Fine and Gray’s subdistribution hazard approach was employed to examine the association between the TyG index 
and developing of three mutually exclusive outcomes: remaining free of diabetes and obesity, diabetes alone, and 
new-onset diabesity (co-occurrence of diabetes and obesity).

Results A total of 6,976 participants were included in the analysis. During a mean follow-up period of 4.0 years, a total 
of 557 diabetes and 155 diabesity were recorded, respectively. After adjusting for socio-demographic information, 
lifestyle and comorbidities, compared with participants in the lowest quartile of TyG, the corresponding adjusted 
subdistribution hazard ratios (HRs) with 95% confidence intervals (95% CIs) for participants in the second, third, and 
fourth quartiles were 2.112 (95% CI: 1.047–4.259; P-value = 0.037), 2.911 (95% CI: 1.481–5.722, P-value = 0.002), and 
4.305 (95% CI: 2.220–8.346, P-value < 0.001). The association between TyG and diabetes alone was equally significant 
when diabesity treated as the competing risk. Sensitivity analyses proved the robustness of results.

Conclusion This national longitudinal study in China provides evidence that a higher TyG index is associated with an 
increased risk of developing diabesity.
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Introduction
Diabesity, the co-occurrence of diabetes and obesity, has 
emerged as a major public health concern worldwide [1]. 
The prevalence of diabesity has been steadily increas-
ing, driven by the global epidemics of type 2 diabetes 
and obesity [2]. Individuals with diabesity often experi-
ence a more severe disease course, higher risk of com-
plications, and poorer health outcomes compared to 
those with either diabetes or obesity alone [3]. Therefore, 
understanding the risk factors and early identification of 
individuals at high risk of developing diabesity is crucial 
for implementing targeted prevention and intervention 
strategies.

The triglyceride-glucose (TyG) index, calculated as the 
product of fasting triglycerides and glucose levels, has 
emerged as a simple and cost-effective surrogate marker 
of insulin resistance [4]. Numerous studies have demon-
strated the association between the TyG index and vari-
ous metabolic disorders, including type 2 diabetes [5], 
non-alcoholic fatty liver disease, and cardiovascular dis-
eases [6, 7]. Despite these findings, the potential effects 
of TyG on diabesity have yet to be fully elucidated. This 
knowledge gap has hindered our ability to accurately esti-
mate the disease burden of diabesity attributable to TyG 
exposure.

This study aimed to examine the relationship between 
TyG index and risk of new-onset diabesity, as well as dia-
betes alone, using a Competing risks model in a national 
longitudinal study.

Methods
This study followed Strengthening the Reporting of 
Observational Studies in Epidemiology (STROBE) 
reporting guidelines [8] (Table S1).

Study population
This study utilized data from the China Health and 
Retirement Longitudinal Study (CHARLS), a nationally 
representative survey of middle-aged and older adults in 
China [9]. The baseline data were collected in 2011 (wave 
1), and the follow-up data were obtained in 2015 (wave 
3). All respondents signed an informed consent form 
and obtained ethics approval from the Biomedical Ethics 
Review Committee of Peking University (IRB00001052-
11014; IRB00001052-11015). For the current analysis, 
we included participants who were free of diabetes and 
obesity at baseline (wave 1) and had complete data on the 
key variables of interest. Figure 1 depicts the participant 
screening process for this analysis.

Assessment of TyG index
After completing the questionnaires and physical exami-
nations, 8  ml fasting blood samples were collected by 
trained nurses from the participants at the township 

hospitals or the local centers for disease prevention 
and control. The blood samples were collected after an 
overnight fast of at least 8  h, and were separated into 
plasma and buffy coat, immediately frozen, stored at a 
local hospital at -20℃ and stored at -70℃ until labora-
tory assaying at Capital Medical University. The follow-
ing biomarkers were tested: triglyceride, total cholesterol, 
low-density lipoprotein cholesterol, high-density lipo-
protein-cholesterol, glycosylated hemoglobin, uric acid, 
creatinine, blood urea nitrogen, fasting blood glucose, 
cystatin C, and C-reactive protein.

The TyG index was calculated as the natural loga-
rithm of the product of fasting triglycerides (in mg/dL) 
and fasting blood glucose (in mg/dL), as follows: TyG 
index = ln (fasting triglycerides × fasting glucose) [10].

Ascertainment of incident diabesity events
The primary outcome of interest was the development 
of new-onset diabesity, defined as the co-occurrence 
of new-onset diabetes and obesity during the follow-up 
period. Diabetes was diagnosed based on self-reported 
physician diagnosis, use of antidiabetic medications, or 
a fasting plasma glucose level ≥ 126 mg/dL [11]. Obesity 
was defined as a body mass index (BMI) ≥ 28 kg/m2 [12]. 
We also examined the development of new-onset diabe-
tes alone as a secondary outcome.

Covariates
The covariates were selected based on prior knowledge 
and literature [13–18]. At baseline, trained interview-
ers collected information on sociodemographic status, 
lifestyle factors, and health status using a structured 
questionnaire. Sociodemographic status included age 
(< 60 years, ≥ 60 years), gender (male, female), education 
(primary school and below, high school or above), mar-
riage (married, other); lifestyle factors included smoking 
(former, current), drinking (former, current), and sleep 
duration (< 7 h, ≥ 7 h); health status included lung disease 
(self-reported history of lung disease), heart disease (self-
reported disease history), kidney disease (self-reported 
disease history), hypertension (defined as systolic blood 
pressure ≥ 140 mmHg and diastolic blood pressure ≥ 90 
mmHg or self-reported history of hypertension), and 
depressive symptom (assessed by Center for Epidemio-
logic Studies Depression Scale) [19].

Statistical analysis
Table S2 lists the missing proportions for each covariate. 
We used the random forest method to imputed missing 
values [20]. Missing data were imputed using the miss-
Forest method, which is based on random forest and 
has been shown to perform well in handling missing 
values in epidemiological studies [20]. This non-para-
metric method can capture non-linear relationships and 
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complex interactions between variables, making it partic-
ularly suitable for mixed-type data (continuous and cat-
egorical). The imputation process was conducted using 
the ‘missForest’ package in R, with the default settings of 
100 trees per forest and a maximum iteration of 10. To 
assess the robustness of our findings, we conducted two 
sensitivity analyses: one using the original dataset with 
missing values and another using complete-case analysis 
(including only participants with no missing data).

Baseline characteristics of the study participants were 
summarized using median and interquartile for continu-
ous variables and frequencies and percentages for cat-
egorical variables. Differences in baseline characteristics 
between participants were assessed using Kruskal-Wallis 
rank sum test for continuous variables and chi-square 
tests for categorical variables.

A Competing risks model based on Fine and Gray’s 
subdistribution hazard approach was employed to exam-
ine the association between the TyG index (categorized 
into quartiles) and the development of new-onset dia-
besity and new-onset diabetes alone, with participants 
remaining free of diabetes and obesity as the reference 
group. The subdistribution hazard ratios (HRs) and 95% 
confidence intervals (95% CIs) were calculated, adjust-
ing for the aforementioned covariates. To test the pro-
portional hazards assumption, we included time-varying 
coefficients in our competing risks model by incorporat-
ing interactions between covariates and follow-up time. 
This approach allowed us to assess whether the effect of 
predictors varied over the follow-up period.

To address the potential reverse causality, we have 
conducted additional sensitivity analyses, we excluded 

Fig. 1 Participants screening flowchart. CHARLS = China Health and Retirement Longitudinal Study; TyG = triglyceride-glucose; BMI = body mass index

 



Page 4 of 10Zhang et al. Lipids in Health and Disease          (2024) 23:412 

participants with insulin resistance at baseline (defined as 
TyG index ≥ 8.93, the highest quartile).

All statistical analyses were performed using R software 
(version 4.2.0, R Foundation for Statistical Computing, 
Vienna, Austria). The two-tailed P-value < 0.05 was con-
sidered statistically significant.

Results
Baseline characteristics
The baseline characteristics table (Table 1) provides key 
demographic and clinical information for a total of 6,976 
participants. The median (interquartile range [IQR]) age 
of the study population was 58 (52, 65) years, and 46.2% 
were male. The median (IQR) TyG index was 8.53 (8.19, 
8.93).

When examining the characteristics based on the 
TyG quartile, it was found that the distribution of this 
group varied significantly across different subgroups 
(P value < 0.05). Specifically, a higher proportion of par-
ticipants classified as “≥ 8.93” were female (59.5%) com-
pared to other subgroups. Moreover, rural residency was 
more prevalent in the “≥ 8.93” subgroup (64.1%), while 
urban residency was higher in the “≥ 8.93” subgroup 
(35.9%). These findings suggest potential associations 
between TyG values, demographic characteristics, and 
clinical outcomes in the study population.

Association between TyG and incident diabesity events
During the mean follow-up period of 4.0 years, 557 par-
ticipants developed new-onset diabetes, and 155 partici-
pants developed new-onset diabesity. Figure 2 illustrates 
the percentage of TyG quartiles with normal, diabetic, 
and diabesity.

The proportional hazards assumption was tested by 
including time-varying coefficients in the model. The 
results showed no significant time-varying effects for 
the TyG index quartiles (all P > 0.05), indicating that the 
proportional hazards assumption was not violated. In 
the Competing risks model, compared to participants in 
the lowest quartile of TyG index, the adjusted sub-dis-
tribution HRs on new-onset diabesity were 2.112 (95% 
CI: 1.047–4.259, P-value = 0.037) for the second quartile, 
2.911 (95% CI: 1.481–5.722, P-value = 0.002) for the third 
quartile, and 4.305 (95% CI: 2.220–8.346, P-value < 0.001) 
for the fourth quartile, after adjusting for potential con-
founders (Table  2). Similar results were obtained from 
both sensitivity analyses using the original dataset (Table 
S3) and complete-case analysis (Table S4), suggest-
ing that our findings were robust to different analytical 
approaches. In addition, we excluded participants with 
insulin resistance at baseline (defined as TyG index ≥ 8.93, 
the highest quartile), and similar results were obtained 
(Table S5).

The association between the TyG index and new-
onset diabetes alone was also statistically significant 
when treating diabesity as the competing risk. In the 
fully adjusted model, the sub-distribution HRs for sec-
ond, third, and fourth quartile were 1.351 (95% CI: 
1.011–1.806, P-value = 0.042), 1.495 (95% CI: 1.122–
1.993, P-value = 0.006), and 1.677 (95% CI: 1.259–2.234, 
P-value < 0.001), compared to the lowest quartile 
(Table 2). Similar results were obtained from the sensitiv-
ity analysis (Table S3-S5).

Discussion
Principal findings
In this large, nationally representative longitudinal study 
of middle-aged and older adults in China, we found that 
a higher TyG index, a surrogate marker of insulin resis-
tance, was significantly associated with an increased risk 
of developing new-onset diabesity during the 4-year fol-
low-up period. Specifically, compared to participants in 
the lowest quartile of the TyG index, those in the highest 
quartile had more than a 4-fold increased risk of develop-
ing new-onset diabesity, after adjusting for potential con-
founders. Interestingly, the TyG index was also associated 
with an increased risk of new-onset diabetes alone, even 
when treating diabesity as the competing risk.

To address the potential reverse causality between TyG 
index and diabesity, we conducted sensitivity analyses, 
and excluded participants with insulin resistance at base-
line (defined as TyG index ≥ 8.93, the highest quartile) to 
minimize the possibility that pre-existing metabolic dis-
orders might influence the observed associations. The 
results from sensitivity analyses were consistent with our 
main findings, suggesting that reverse causality is unlikely 
to fully explain the observed associations between TyG 
index and diabesity. However, we acknowledge that the 
relatively short follow-up period (4 years) may not com-
pletely rule out the possibility of reverse causality, and 
longer-term studies are needed to further validate these 
findings.

To assess the generalizability of our findings and poten-
tial misclassification bias, we compared our observed 
incidence rates with national data. In our study, the 
5-year cumulative incidence of diabetes was 8.0% 
(557/6,976), corresponding to an annual incidence rate of 
approximately 1.6%. This is comparable to the reported 
annual incidence of diabetes (1.3–1.9%) in recent large-
scale Chinese cohort studies [23, 24]. Similarly, our 
observed 5-year cumulative incidence of diabesity (2.2%, 
155/6,976) aligns with previous reports from urban Chi-
nese populations [25]. These comparisons suggest that 
our cohort’s incidence rates are representative of the 
general Chinese population, minimizing concerns about 
selection bias or systematic misclassification of diabetes 
and obesity diagnoses.
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Characteristic TyG quartile 1 P-value
Overall
(N = 6,976)

< 8.19
(N = 1,760)

8.19–8.53
(N = 1,716)

8.53–8.93
(N = 1,761)

≥ 8.93
(N = 1,739)

Age, years 58 (52, 65) 58 (51, 65) 58 (52, 65) 58 (52, 65) 58 (52, 64) 0.0973

TyG index 8.53 (8.19, 8.93) 7.97 (7.80, 8.09) 8.37 (8.28, 8.45) 8.72 (8.62, 8.82) 9.24 (9.07, 9.53) < 0.0013

Age group4 0.0422

 < 60 years 3,924 (56.3%) 966 (54.9%) 950 (55.4%) 979 (55.6%) 1,029 (59.2%)
 ≥ 60 years 3,052 (43.8%) 794 (45.1%) 766 (44.6%) 782 (44.4%) 710 (40.8%)
Gender < 0.0012

 Male 3,222 (46.2%) 961 (54.6%) 810 (47.2%) 747 (42.4%) 704 (40.5%)
 Female 3,754 (53.8%) 799 (45.4%) 906 (52.8%) 1,014 (57.6%) 1,035 (59.5%)
Marriage 0.5182

 Married 6,206 (89.0%) 1,563 (88.8%) 1,543 (89.9%) 1,557 (88.4%) 1,543 (88.7%)
 Other 770 (11.0%) 197 (11.2%) 173 (10.1%) 204 (11.6%) 196 (11.3%)
Residence < 0.0012

 Rural 4,736 (67.9%) 1,252 (71.1%) 1,198 (69.8%) 1,172 (66.6%) 1,114 (64.1%)
 Urban 2,240 (32.1%) 508 (28.9%) 518 (30.2%) 589 (33.4%) 625 (35.9%)
Education 0.4862

 Primary and below 4,911 (70.4%) 1,248 (70.9%) 1,185 (69.1%) 1,256 (71.3%) 1,222 (70.3%)
 Secondary and above 2,065 (29.6%) 512 (29.1%) 531 (30.9%) 505 (28.7%) 517 (29.7%)
Former drinking < 0.0012

 None 4,284 (61.4%) 999 (56.8%) 1,037 (60.4%) 1,136 (64.5%) 1,112 (63.9%)
 Yes 2,692 (38.6%) 761 (43.2%) 679 (39.6%) 625 (35.5%) 627 (36.1%)
Current drinking < 0.0012

 None 4,663 (66.8%) 1,079 (61.3%) 1,142 (66.6%) 1,237 (70.2%) 1,205 (69.3%)
 Yes 2,313 (33.2%) 681 (38.7%) 574 (33.4%) 524 (29.8%) 534 (30.7%)
Former smoking < 0.0012

 None 4,275 (61.3%) 988 (56.1%) 1,052 (61.3%) 1,113 (63.2%) 1,122 (64.5%)
 Yes 2,701 (38.7%) 772 (43.9%) 664 (38.7%) 648 (36.8%) 617 (35.5%)
Current smoking < 0.0012

 None 4,820 (69.1%) 1,132 (64.3%) 1,174 (68.4%) 1,249 (70.9%) 1,265 (72.7%)
 Yes 2,156 (30.9%) 628 (35.7%) 542 (31.6%) 512 (29.1%) 474 (27.3%)
Sleep duration 0.1062

 < 7 h 3,661 (52.5%) 898 (51.0%) 930 (54.2%) 946 (53.7%) 887 (51.0%)
 ≥ 7 h 3,315 (47.5%) 862 (49.0%) 786 (45.8%) 815 (46.3%) 852 (49.0%)
Lung disease 0.4112

 None 6,311 (90.5%) 1,583 (89.9%) 1,553 (90.5%) 1,585 (90.0%) 1,590 (91.4%)
 Yes 665 (9.5%) 177 (10.1%) 163 (9.5%) 176 (10.0%) 149 (8.6%)
Heart disease < 0.0012

 None 6,190 (88.7%) 1,606 (91.3%) 1,556 (90.7%) 1,539 (87.4%) 1,489 (85.6%)
 Yes 786 (11.3%) 154 (8.8%) 160 (9.3%) 222 (12.6%) 250 (14.4%)
Kidney disease 0.5472

 None 6,582 (94.4%) 1,658 (94.2%) 1,609 (93.8%) 1,666 (94.6%) 1,649 (94.8%)
 Yes 394 (5.6%) 102 (5.8%) 107 (6.2%) 95 (5.4%) 90 (5.2%)
Hypertension < 0.0012

 None 4,012 (57.5%) 1,166 (66.3%) 1,047 (61.0%) 968 (55.0%) 831 (47.8%)
 Yes 2,964 (42.5%) 594 (33.8%) 669 (39.0%) 793 (45.0%) 908 (52.2%)
Body mass index < 0.0012

 < 28 kg/m2 6,128 (87.8%) 1,652 (93.9%) 1,551 (90.4%) 1,519 (86.3%) 1,406 (80.9%)
 ≥ 28 kg/m2 848 (12.2%) 108 (6.1%) 165 (9.6%) 242 (13.7%) 333 (19.1%)
CESD5 0.3542

 Normal 4,430 (63.5%) 1,134 (64.4%) 1,092 (63.6%) 1,088 (61.8%) 1,116 (64.2%)
 Depressive symptom 2,546 (36.5%) 626 (35.6%) 624 (36.4%) 673 (38.2%) 623 (35.8%)
Serum urea, mg/dL 15.1 (12.6, 18.2) 15.8 (12.9, 18.9) 15.1 (12.7, 18.4) 14.7 (12.4, 17.7) 14.9 (12.4, 17.6) < 0.0013

Table 1 Patient demographics and baseline characteristics
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Comparison with previous studies
Previous longitudinal studies have primarily focused on 
the association between the TyG index and the incidence 
of type 2 diabetes or cardiovascular diseases [6, 7]. To the 
best of our knowledge, this is the first study to investigate 
the role of the TyG index in the development of diabe-
sity using a Competing risks model, which allows for the 
examination of the distinct associations with new-onset 
diabetes alone and new-onset diabesity.

Several cross-sectional studies have reported a positive 
association between the TyG index and the presence of 

metabolic syndrome, which shares common features with 
diabesity. For instance, Simental-Mendía et al. found that 
the TyG index was significantly associated with insulin 
resistance and metabolic syndrome in a Mexican popula-
tion [26]. Similarly, Lee et al. [27] demonstrated that the 
TyG index was independently associated with the pres-
ence of metabolic syndrome in Korean adults.

Regarding diabetes, our results align with longitudinal 
studies that have shown the predictive value of the TyG 
index for incident diabetes. A study by Zhang et al. [28] 
in a Chinese population found that the TyG index was a 

Fig. 2 Percentage of TyG quartiles with normal, diabetic, and diabesity

 

Characteristic TyG quartile 1 P-value
Overall
(N = 6,976)

< 8.19
(N = 1,760)

8.19–8.53
(N = 1,716)

8.53–8.93
(N = 1,761)

≥ 8.93
(N = 1,739)

Blood glucose, mg/dL 101 (94, 108) 95 (88, 102) 99 (93, 105) 101 (95, 108) 107 (100, 115) < 0.0013

Serum creatinine, mg/dL 0.76 (0.64, 0.87) 0.75 (0.64, 0.86) 0.75 (0.63, 0.87) 0.76 (0.64, 0.88) 0.76 (0.67, 0.89) < 0.0013

Total cholesterol, mg/dL 189 (167, 213) 176 (156, 199) 187 (165, 209) 194 (171, 216) 201 (177, 229) < 0.0013

Triglyceride, mg/dL 102 (73, 147) 60 (51, 68) 86 (79, 96) 120 (108, 135) 196 (165, 255) < 0.0013

High density lipoprotein, mg/dL 50 (41, 61) 59 (51, 68) 53 (46, 63) 48 (41, 57) 40 (34, 48) < 0.0013

Low density lipoprotein, mg/dL 114 (94, 136) 106 (88, 126) 116 (96, 136) 121 (101, 143) 114 (90, 141) < 0.0013

C-reactive protein, mg/L 0.95 (0.52, 1.99) 0.82 (0.45, 1.77) 0.85 (0.48, 1.85) 0.96 (0.54, 1.98) 1.16 (0.66, 2.28) < 0.0013

Hemoglobin A1c, % 5.10 (4.90, 5.30) 5.00 (4.80, 5.30) 5.10 (4.80, 5.30) 5.10 (4.90, 5.40) 5.18 (4.90, 5.40) < 0.0013

Serum uric acid, mg/dL 4.25 (3.55, 5.10) 4.07 (3.44, 4.87) 4.13 (3.45, 4.98) 4.24 (3.56, 5.09) 4.60 (3.80, 5.46) < 0.0013

Cystatin C, mg/L 0.97 (0.88, 1.09) 0.98 (0.89, 1.10) 0.98 (0.89, 1.10) 0.98 (0.90, 1.10) 0.93 (0.84, 1.05) < 0.0013

1 Data were presented as n (%) or median (interquartile range). 2 Pearson’s Chi-squared test. 3 Kruskal-Wallis rank sum test. 4 Age was dichotomized at 60 years (< 60 
years vs. ≥60 years) based on the traditional definition of elderly population in China and to maintain consistency with previous studies in Chinese populations [21, 
22]. 5 Assessed by Center for Epidemiologic Studies Depression Scale, and scores ≥ 10 were deemed as depressive symptoms

Table 1 (continued) 
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better predictor of incident type 2 diabetes compared to 
traditional glycemic markers. Our findings extend this 
association to the broader concept of diabesity. With 
respect to obesity, Zheng et al. [29] reported that the 
TyG index was associated with an increased risk of inci-
dent non-alcoholic fatty liver disease, a condition closely 
linked to obesity. Our study builds upon these findings by 
demonstrating the TyG index’s association with the com-
bined outcome of diabetes and obesity.

However, it’s important to note that most previ-
ous studies have not specifically addressed diabesity as 
a combined outcome. A study by Ramírez-Vélez et al. 
came close to our approach by examining the association 
between the TyG index and cardiometabolic risk factors 
clustering, including both glycemic and obesity mea-
sures, but it was cross-sectional in nature [30].

Our longitudinal design and focus on diabesity as a 
specific outcome provide a unique contribution to litera-
ture. By using a Competing risks model, we were able to 
distinguish between the development of diabetes alone 
and diabesity, offering a more nuanced understanding of 
the TyG index’s predictive capabilities.

Potential mechanism
The observed association between the TyG index and the 
development of diabesity may be attributed to the under-
lying mechanism of insulin resistance. The TyG index 
has been shown to be a reliable surrogate marker of insu-
lin resistance, which is a key pathophysiological feature 
shared by both diabetes and obesity. Insulin resistance 
can lead to hyperglycemia, dyslipidemia, and increased 
visceral adiposity, ultimately contributing to the develop-
ment of both diabetes and obesity, and their co-occur-
rence, i.e., diabesity [1].

Furthermore, insulin resistance has been linked to vari-
ous inflammatory and metabolic pathways that can pro-
mote the progression from a state of insulin resistance to 

the development of overt diabetes and obesity [31, 32]. 
The synergistic effects of these pathways may explain the 
stronger association observed between the TyG index 
and the development of diabesity, compared to diabetes 
alone.

Implications for clinical practice
The findings of our study have several important impli-
cations for clinical practice, particularly in the context of 
diabesity prevention and management. From clinical, the 
TyG index emerges as a valuable tool for early identifica-
tion of individuals at high risk of developing diabesity. 
Given its simplicity and cost-effectiveness, the TyG index 
could be easily incorporated into routine health screen-
ings, allowing clinicians to stratify patients according to 
their risk of developing this complex metabolic condi-
tion [7]. Additionally, by identifying high-risk individuals 
early, healthcare providers can implement targeted inter-
ventions to prevent or delay the onset of diabesity. These 
interventions may include more intensive lifestyle modi-
fications, such as structured diet and exercise programs, 
which have been shown to be effective in preventing 
both diabetes and obesity [33, 34]. At a healthcare system 
level, the TyG index could guide resource allocation by 
identifying populations at highest risk of diabesity, allow-
ing for more efficient targeting of preventive programs 
and interventions [35].

Strengths and limitations
The strengths of this study include a prospective nature 
of our study allows for the assessment of temporal rela-
tionships between the TyG index and the development 
of diabesity, providing stronger evidence for causality 
compared to cross-sectional studies. Our use of compet-
ing risks models allowed us to distinguish between the 
development of diabetes alone and diabesity, providing a 

Table 2 Risk of incident diabesity/diabetes according to TyG quartile
Characteristic Univariable Multivariable 2

Event/Total HR (95% CI) P-value HR (95% CI) P-value
Diabesity as an outcome of interest
TyG quartile
˂ 8.19 11/1,760 1 [Reference] 1 [Reference]
8.19–8.53 28/1,716 2.523 (95% CI: 1.257–5.064) 0.009 2.112 (95% CI: 1.047–4.259) 0.037
8.53–8.93 44/1,761 3.743 (95% CI: 1.937–7.232) < 0.001 2.911 (95% CI: 1.481–5.722) 0.002
≥ 8.93 72/1,739 6.286 (95% CI: 3.341–11.826) < 0.001 4.305 (95% CI: 2.220–8.346) < 0.001
Diabetes as an outcome of interest
TyG quartile
˂ 8.19 91/1,760 1 [Reference] 1 [Reference]
8.19–8.53 120/1,716 1.304 (95% CI: 0.998, 1.704) 0.051 1.264 (95% CI: 0.967,1.651) 0.086
8.53–8.93 155/1,761 1.600 (95% CI: 1.241, 2.061) < 0.001 1.495 (95% CI: 1.160,1.927) 0.002
≥ 8.93 191/1,739 2.046 (95% CI: 1.600, 2.616) < 0.001 1.926 (95% CI: 1.502,2.469) < 0.001
1 HR = Hazard ratio, 95% CI = 95% Confidence interval, TyG = Triglyceride-glucose. 2 Adjusted for age group, gender, marry, residence, education, current smoking, 
former smoking, current drinking, former drinking, sleep duration, lung disease, heart disease, kidney disease, hypertension, and depressive symptom
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more nuanced understanding of the TyG index’s predic-
tive capabilities.

However, several limitations should be acknowledged. 
First, we did not collect mortality data during the follow-
up period, which prevented us from considering all-
cause mortality as a competing risk in our analysis. This 
limitation may affect the accuracy of our risk estimates, 
as death could prevent the occurrence of diabesity. Sec-
ond, the diagnosis of diabetes was based on self-reported 
physician diagnosis, use of antidiabetic medications, or a 
single fasting plasma glucose measurement, which may 
have led to some misclassification. Third, the assess-
ment of obesity was limited to BMI measurements, and 
we lacked more comprehensive measures of body com-
position or fat distribution such as waist circumference, 
waist-to-hip ratio, or body fat percentage. Fourth, these 
additional measurements could have provided more 
accurate assessment of obesity status. despite our com-
prehensive adjustment for confounders, there may be 
residual confounding from unmeasured factors or mea-
surement error in the assessed variables [36]. Fifth, we 
did not have repeated measurements of the TyG index 
over time, which could have provided information on 
how changes in the TyG index relate to diabesity risk. 
Sixth, although we used the missForest method, which 
has been validated in previous epidemiological studies, 
and conducted sensitivity analyses using raw data that 
showed consistent results, we cannot completely rule out 
the potential impact of missing data patterns on our find-
ings. However, the consistency between analyses using 
imputed and raw data suggests that our conclusions are 
robust to the chosen analytical approach. Finally, lack 
of data on dietary patterns and physical activity. More 
detailed information on these lifestyle factors could 
have provided additional insights into the relationship 
between the TyG index and diabesity. Another important 
limitation is the lack of quantitative data on smoking and 
drinking behaviors. Our analysis was limited to categori-
cal classifications (former/current smokers/drinkers) 
without detailed information on pack-years of smoking 
or alcohol consumption quantities. This simplified cat-
egorization may have masked potential dose-response 
relationships between these lifestyle factors and diabesity 
risk. More detailed quantification of smoking and drink-
ing behaviors could provide better insights into their 
roles as potential confounders or effect modifiers in the 
relationship between TyG index and diabesity.

Future directions
While our study provides valuable insights into the asso-
ciation between the TyG index and diabesity, several 
areas warrant further investigation: (1) Future research 
should focus on elucidating the underlying biological 
mechanisms linking the TyG index to the development 

of diabesity. This could involve investigating the role of 
insulin resistance, inflammation, and oxidative stress in 
this relationship. (2) Ethnic and geographic variations: 
Given that our study was conducted in a Chinese popu-
lation, future research should explore the applicability 
of the TyG index in predicting diabesity across differ-
ent ethnic groups and geographic regions. (3) Integra-
tion with other biomarkers: Research should explore the 
potential of combining the TyG index with other bio-
markers or risk scores to improve the prediction accu-
racy for diabesity. (4) Pediatric populations: Given the 
rising prevalence of childhood obesity and type 2 diabe-
tes [34], studies exploring the utility of the TyG index in 
pediatric populations are needed. (5) Lifestyle interven-
tion studies: Future research should explore how changes 
in lifestyle factors affect the TyG index and subsequent 
diabesity risk, potentially identifying key modifiable fac-
tors for prevention.

Conclusion
This large, nationally representative longitudinal study in 
China provides evidence that a higher TyG index is asso-
ciated with an increased risk of developing new-onset 
diabesity. This information can guide targeted screening, 
early intervention, and the implementation of lifestyle 
modifications or pharmacological therapies to prevent 
the development of this detrimental metabolic condi-
tion. Further research is needed to explore the underlying 
mechanisms linking the TyG index to the pathogenesis 
of diabesity and to investigate the potential utility of the 
TyG index in guiding personalized prevention and man-
agement strategies.

Supplementary Information
The online version contains supplementary material available at  h t t  p s : /  / d o  i .  o r 
g / 1 0 . 1 1 8 6 / s 1 2 9 4 4 - 0 2 4 - 0 2 4 0 3 - 7     .  

Supplementary Material 1

Acknowledgements
We thank the China Center for Economic Research at Peking University for 
providing us with the data, and the CHARLS research and field team for 
collecting the data.

Author contributions
Fan Zhang: Conceptualization, Data curation, Formal analysis, Methodology, 
Writing-original draft. Yan Bai: Conceptualization, Writing-review & editing. 
Yan Sun: Data curation. Rong Wu: Supervision, Conceptualization. Hua Yang: 
Funding acquisition, Supervision, Writing-review & editing. All authors read 
and approved the final manuscript. All authors contributed to this article.

Funding
This study was supported by Shanghai Municipal Health Commission 
[20224Y0166], Shanghai Science and Technology Program [20Y21902500].

Data availability
No datasets were generated or analysed during the current study.

https://doi.org/10.1186/s12944-024-02403-7
https://doi.org/10.1186/s12944-024-02403-7


Page 9 of 10Zhang et al. Lipids in Health and Disease          (2024) 23:412 

Declarations

Ethics statement
The studies involving human participants were reviewed and approved by 
the Biomedical Ethical Review Committee of Peking University (IRB00001052-
11015). The participants provided their written informed consent to 
participate in this study. The privacy rights of participants were observed.

Competing interests
The authors declare no competing interests.

Received: 18 September 2024 / Accepted: 9 December 2024

References
1. Eckel RH, Kahn SE, Ferrannini E, Goldfine AB, Nathan DM, Schwartz MW, Smith 

RJ, Smith SR. Obesity and type 2 diabetes: what can be unified and what 
needs to be individualized? Diabetes Care. 2011;34(6):1424–30.

2. Hruby A, Hu FB. The epidemiology of obesity: a big picture. PharmacoEco-
nomics. 2015;33(7):673–89.

3. Ganz ML, Wintfeld N, Li Q, Alas V, Langer J, Hammer M. The association of 
body mass index with the risk of type 2 diabetes: a case-control study nested 
in an electronic health records system in the United States. Diabetol Metab 
Syndr. 2014;6(1):50.

4. Li R, Li Q, Cui M, Yin Z, Li L, Zhong T, Huo Y, Xie P. Clinical surrogate markers 
for predicting metabolic syndrome in middle-aged and elderly Chinese. J 
Diabetes Investig. 2018;9(2):411–8.

5. Pranata R, Huang I, Irvan, Lim MA, Vania R. The association between triglycer-
ide-glucose index and the incidence of type 2 diabetes mellitus-a systematic 
review and dose-response meta-analysis of cohort studies. Endocrine. 
2021;74(2):254–62.

6. Lee SB, Ahn CW, Lee BK, Kang S, Nam JS, You JH, Kim MJ, Kim MK, Park JS. 
Association between triglyceride glucose index and arterial stiffness in 
Korean adults. Cardiovasc Diabetol. 2018;17(1):41.

7. Navarro-González D, Sánchez-Íñigo L, Pastrana-Delgado J, Fernández-Mon-
tero A, Martinez JA. Triglyceride-glucose index (TyG index) in comparison 
with fasting plasma glucose improved diabetes prediction in patients with 
normal fasting glucose: the vascular-metabolic CUN cohort. Prev Med. 
2016;86:99–105.

8. Vandenbroucke JP, von Elm E, Altman DG, Gotzsche PC, Mulrow CD, Pocock 
SJ, Poole C, Schlesselman JJ, Egger M, Initiative S. Strengthening the report-
ing of Observational studies in Epidemiology (STROBE): explanation and 
elaboration. Epidemiology. 2007;18(6):805–35.

9. Zhao Y, Hu Y, Smith JP, Strauss J, Yang G. Cohort profile: the China Health and 
Retirement Longitudinal Study (CHARLS). Int J Epidemiol. 2014;43(1):61–8.

10. Guerrero-Romero F, Simental-Mendía LE, González-Ortiz M, Martínez-Abundis 
E, Ramos-Zavala MG, Hernández-González SO, Jacques-Camarena O, Rodrí-
guez-Morán M. The product of triglycerides and glucose, a simple measure of 
insulin sensitivity. Comparison with the euglycemic-hyperinsulinemic clamp. 
J Clin Endocrinol Metab. 2010;95(7):3347–51.

11. Song Y, Zhu C, Shi B, Song C, Cui K, Chang Z, Gao G, Jia L, Fu R, Dong Q, et 
al. Social isolation, loneliness, and incident type 2 diabetes mellitus: results 
from two large prospective cohorts in Europe and East Asia and mendelian 
randomization. EClinicalMedicine. 2023;64:102236.

12. Zhou BF. Predictive values of body mass index and waist circumference for 
risk factors of certain related diseases in Chinese adults–study on optimal 
cut-off points of body mass index and waist circumference in Chinese adults. 
Biomed Environ Sci. 2002;15(1):83–96.

13. Hu J, Zhu X, Yuan D, Ji D, Guo H, Li Y, He Z, Bai H, Zhu Q, Shen C, et al. 
Association of sleep duration and sleep quality with the risk of metabolic 
syndrome in adults: a systematic review and meta-analysis. Endokrynol Pol. 
2022;73(6):968–87.

14. Jiang B, Zheng Y, Chen Y, Chen Y, Li Q, Zhu C, Wang N, Han B, Zhai H, Lin D, et 
al. Age and gender-specific distribution of metabolic syndrome components 
in East China: role of hypertriglyceridemia in the SPECT-China study. Lipids 
Health Dis. 2018;17(1):92.

15. Larsson SC, Burgess S. Appraising the causal role of smoking in multiple 
diseases: a systematic review and meta-analysis of mendelian randomization 
studies. EBioMedicine. 2022;82:104154.

16. Pan A, Keum N, Okereke OI, Sun Q, Kivimaki M, Rubin RR, Hu FB. Bidirectional 
association between depression and metabolic syndrome: a systematic 
review and meta-analysis of epidemiological studies. Diabetes Care. 
2012;35(5):1171–80.

17. Su D, An Z, Chen L, Chen X, Wu W, Cui Y, Cheng Y, Shi S. Association of 
triglyceride-glucose index, low and high-density lipoprotein cholesterol with 
all-cause and cardiovascular disease mortality in generally Chinese elderly: a 
retrospective cohort study. Front Endocrinol (Lausanne). 2024;15:1422086.

18. Sun K, Ren M, Liu D, Wang C, Yang C, Yan L. Alcohol consumption and risk 
of metabolic syndrome: a meta-analysis of prospective studies. Clin Nutr. 
2014;33(4):596–602.

19. Andresen EM, Malmgren JA, Carter WB, Patrick DL. Screening for depres-
sion in well older adults: evaluation of a short form of the CES-D (center for 
epidemiologic studies Depression Scale). Am J Prev Med. 1994;10(2):77–84.

20. Waljee AK, Mukherjee A, Singal AG, Zhang Y, Warren J, Balis U, Marrero J, Zhu 
J, Higgins PD. Comparison of imputation methods for missing laboratory 
data in medicine. BMJ Open 2013;3(8).

21. Dong Y, Xi Y, Wang Y, Chai Z. Association between Sarcopenia and frailty in 
middle-aged and elder population: findings from the China health and retire-
ment longitudinal study. J Glob Health. 2024;14:04163.

22. He J, Tang X, Jiang M, Zheng X. Associations between Vision and hearing 
impairment and Cardiovascular diseases: a longitudinal cohort of Middle-
aged and older adults in China. J Am Heart Assoc. 2024;13(21):e034851.

23. Li Y, Teng D, Shi X, Qin G, Qin Y, Quan H, Shi B, Sun H, Ba J, Chen B, et al. Preva-
lence of diabetes recorded in mainland China using 2018 diagnostic criteria 
from the American Diabetes Association: national cross sectional study. BMJ. 
2020;369:m997.

24. Wang L, Gao P, Zhang M, Huang Z, Zhang D, Deng Q, Li Y, Zhao Z, Qin X, Jin D, 
et al. Prevalence and ethnic pattern of diabetes and Prediabetes in China in 
2013. JAMA. 2017;317(24):2515–23.

25. Cai C, Zhu S, Qin M, Li X, Feng C, Yu B, Dai S, Qiu G, Li Y, Ye T, et al. Long-
term exposure to PM(2.5) chemical constituents and diabesity: evidence 
from a multi-center cohort study in China. Lancet Reg Health West Pac. 
2024;47:101100.

26. Simental-Mendía LE, Rodríguez-Morán M, Guerrero-Romero F. The product of 
fasting glucose and triglycerides as surrogate for identifying insulin resistance 
in apparently healthy subjects. Metab Syndr Relat Disord. 2008;6(4):299–304.

27. Lee SH, Han K, Yang HK, Kim HS, Cho JH, Kwon HS, Park YM, Cha BY, Yoon 
KH. A novel criterion for identifying metabolically obese but normal weight 
individuals using the product of triglycerides and glucose. Nutr Diabetes. 
2015;5(4):e149.

28. Zhang M, Wang B, Liu Y, Sun X, Luo X, Wang C, Li L, Zhang L, Ren Y, Zhao Y, et 
al. Cumulative increased risk of incident type 2 diabetes mellitus with increas-
ing triglyceride glucose index in normal-weight people: the rural Chinese 
cohort study. Cardiovasc Diabetol. 2017;16(1):30.

29. Zheng R, Du Z, Wang M, Mao Y, Mao W. A longitudinal epidemiological study 
on the triglyceride and glucose index and the incident nonalcoholic fatty 
liver disease. Lipids Health Dis. 2018;17(1):262.

30. Ramírez-Vélez R, Pérez-Sousa M, González-Ruíz K, Cano-Gutierrez CA, 
Schmidt-RioValle J, Correa-Rodríguez M, Izquierdo M, Romero-García JA, 
Campos-Rodríguez AY, Triana-Reina HR et al. Obesity- and lipid-related 
parameters in the identification of older adults with a high risk of Prediabetes 
according to the American Diabetes Association: an analysis of the 2015 
Health, Well-Being, and Aging Study. Nutrients 2019;11(11).

31. Han K, Kim B, Lee SH, Kim MK. A nationwide cohort study on diabetes sever-
ity and risk of Parkinson disease. NPJ Parkinsons Dis. 2023;9(1):11.

32. Kang JY, Han K, Lee SH, Kim MK. Diabetes severity is strongly associated with 
the risk of active tuberculosis in people with type 2 diabetes: a nationwide 
cohort study with a 6-year follow-up. Respir Res. 2023;24(1):110.

33. Albright AL, Gregg EW. Preventing type 2 diabetes in communities across the 
U.S.: the National Diabetes Prevention Program. Am J Prev Med. 2013;44(4 
Suppl 4):S346–351.

34. Zheng Y, Ley SH, Hu FB. Global aetiology and epidemiology of type 2 diabe-
tes mellitus and its complications. Nat Rev Endocrinol. 2018;14(2):88–98.

35. Herman WH, Ye W, Griffin SJ, Simmons RK, Davies MJ, Khunti K, Rutten GE, 
Sandbaek A, Lauritzen T, Borch-Johnsen K, et al. Early Detection and Treat-
ment of Type 2 diabetes reduce Cardiovascular Morbidity and Mortality: A 
Simulation of the results of the anglo-danish-dutch study of intensive treat-
ment in people with screen-detected diabetes in primary care (ADDITION-
Europe). Diabetes Care. 2015;38(8):1449–55.



Page 10 of 10Zhang et al. Lipids in Health and Disease          (2024) 23:412 

36. Fewell Z, Davey Smith G, Sterne JA. The impact of residual and unmeasured 
confounding in epidemiologic studies: a simulation study. Am J Epidemiol. 
2007;166(6):646–55.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.


	Association of triglyceride-glucose index and diabesity: evidence from a national longitudinal study
	Abstract
	Introduction
	Methods
	Study population
	Assessment of TyG index
	Ascertainment of incident diabesity events
	Covariates
	Statistical analysis

	Results
	Baseline characteristics
	Association between TyG and incident diabesity events

	Discussion
	Principal findings
	Comparison with previous studies
	Potential mechanism
	Implications for clinical practice
	Strengths and limitations
	Future directions

	Conclusion
	References


