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Abstract

Background: Triglyceride glucose-body mass index (TyG-BMI) has been proven to be a reliable substitute for
insulin resistance. However, whether a causal association exists between TyG-BMI and new-onset diabetes remains
uncertain. The purpose of this study was to investigate the causal association and predictive performance between
TyG-BMI and diabetes.

Methods: A total of 116,661 subjects who underwent a physical examination were included in this study. The subjects
were divided into five equal points according to the quintile of TyG-BMI, and the outcome of interest was the
occurrence of diabetic events. TyG-BMI = ln [fasting plasma glucose (mg/dL) × fasting triglycerides (mg/dL)/2] × BMI.

Results: During the average follow-up period of 3.1 (0.95) years, 1888 men (1.61 %) and 793 women (0.68 %) were
newly diagnosed with diabetes. Multivariate Cox regression analysis showed that TyG-BMI was an independent
predictor of new-onset diabetes (HR 1.50 per SD increase, 95 %CI: 1.40 to 1.60, P-trend < 0.00001), and the best TyG-BMI
cutoff value for predicting new-onset diabetes was 213.2966 (area under the curve 0.7741, sensitivity 72.51 %, specificity
69.54 %). Additionally, the results of subgroup analysis suggested that the risk of TyG-BMI-related diabetes in young
and middle-aged people was significantly higher than that in middle-aged and elderly people, and the risk of TyG-BMI-
related diabetes in non-obese people was significantly higher than that in overweight and obese people (P for
interaction < 0.05).

Conclusions: This cohort study of the Chinese population shows that after excluding other confounding factors, there
is a causal association of TyG-BMI with diabetes, and this independent association is more obvious in young, middle-
aged and non-obese people.
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Background
Diabetes is a metabolic disease caused by a disorder of
blood glucose metabolism, and it is one of the most
common chronic diseases in the world [1, 2]. In recent
years, with the further aggravation of the global aging
trend, the prevalence of obesity, and the drastic changes

in traditional dietary patterns and lifestyles, the propor-
tion of people with diabetes has increased rapidly [3, 4].
According to a recent survey by the International Dia-
betes Federation, 463 million people worldwide suffered
from diabetes in 2019, including 116 million (30.45 %) in
China, 101 million (21.81 %) in India and 34 million
(21.3 %) in the United States. It is considered that the
number of diabetics worldwide will reach 700 million by
2045 [5]. Diabetes can lead to microvascular and macro-
vascular complications, bring profound psychological
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and physical pain to patients, and impose a heavy bur-
den on the health care system [5, 6]. Therefore, in view
of the large number of patients with diabetes and the
huge disease burden, it will be very meaningful to iden-
tify high-risk groups prone to diabetes through simple
and effective diagnostic tools at an early stage.
Genetics, diet, lifestyle and environmental factors may

all contribute to diabetes [3, 7]. Insulin resistance (IR) is
the key mechanism of many metabolic diseases, such as
diabetes, metabolic syndrome, obesity, and nonalcoholic
fatty liver disease [1, 8–10]. It can better reflect the
metabolic state of the body [11, 12]. However, at present,
the main methods for detecting IR depend on the
hyperinsulinemic-euglycemic clamp (HIEC) technique
[13]. For the physical examination of the general popula-
tion, if HIEC technology is used to detect IR, it will obvi-
ously increase the economic and time costs [14]. The
triglyceride glucose (TyG) index is the product of fasting
triglycerides (TG) and fasting plasma glucose (FPG), and
a large number of studies in recent years have shown
that the TyG index is a reliable substitute for IR [15–
17]. There is recent evidence that a combination of the
TyG index and body mass index (BMI) has better diag-
nostic value in differentiating IR [18]. Two cross-
sectional studies further found a correlation between
diabetes and TyG-BMI [19, 20]. However, it is not clear
whether time progression affects the relationship be-
tween diabetes and TyG-BMI. Therefore, the aim of the
present study was to examine the relationship between
TyG-BMI and T2DM risk in a Chinese population and
its predictive value to provide new ideas for the early de-
tection and prevention of diabetes.

Methods
Study design and data source
This study was a post hoc analysis of a cohort study con-
ducted by the China Rich Health Care Group, and the
design has been detailed elsewhere [21]. In brief, the
Rich Health Care Group Cohort Study recruited 685,277
adult subjects from 11 cities in China who participated
in health examinations between 2011 and 2016. This
project aims to promote the health of the Chinese popu-
lation and assess diabetes and its risk factors through
health examinations and follow-up of the general popu-
lation. The available data for the study have been
uploaded to the Dryad database by Professor Chen [22].
According to the Dryad database terms of service, re-
searchers can freely use public data for postanalysis to
make the data play a greater role. Due to the anonymity
of the data and the research ethics having been approved
in previous studies, there was no need to reapply for this
study.
This study was a post hoc analysis based on previous

research. According to the purpose of the study, the

exposure factor of this study was set as TyG-BMI, and
the outcome of interest was a new diabetes event. Re-
search hypothesis: Can TyG-BMI be used to independ-
ently predict new diabetes events in the Chinese
population? The exclusion criteria for the study subjects
were as follows (Fig. 1): (1) subjects who had been diag-
nosed with diabetes at the time of the baseline interview;
(2) unknown diabetes status during follow-up; (3) sub-
jects with a follow-up period of less than 2 years; and (4)
incomplete data or extreme values of sex, BMI, FPG and
lipid parameters. (5) subjects without height or weight
measurement information; and (6) subjects who did not
participate in this study for unknown reasons. In this
study, 116,661 subjects who met the criteria were finally
analyzed.

Data collection
All subjects were asked to complete a standardized ques-
tionnaire containing data on demographic characteristics
and physical examination results, including age, family
history of diabetes, sex, blood pressure, height, weight,
and smoking/drinking status. Among them, weight and
height were measured indoors, and the subjects wore no
shoes but only light clothing. Blood pressure was mea-
sured in a quiet environment using a standard mercury
sphygmomanometer. Fasting venous blood was collected
by trained personnel and analyzed in a standard labora-
tory using an automated analyzer (Beckman 5800), in
which the level of plasma glucose was measured by glu-
cose oxidase method.

Definition and calculation
The start time of follow-up was considered to be after
the subjects’ first diabetes evaluation by the clinician,
and the end point of follow-up was a new diabetes event.
Follow-up visits were mainly made in physical examin-
ation centers, and the frequency was once a year.
The diagnosis of diabetes was defined as a self-

reported history of diabetes or a measurement of FPG ≥
7.00 mmol/L during follow-up [23]. For those who had
been diagnosed with diabetes, the researchers again
reviewed their blood glucose at the date of the diagnosis
or at the last visit.

Drinking/smoking status
At the time of the baseline data access, according to their
drinking/smoking history, participants were divided into
four groups: non-drinking/smoking, former drinking/
smoking, current drinking/smoking and not recorded.
BMI was calculated as weight/height2;
TyG was calculated as Ln [FPG (mg/dL) × TG (mg/

dL)/2] [15];
TyG-BMI was calculated as TyG × BMI [18];
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Statistical analysis
R language software version 3.4.3 and Empower (R) soft-
ware version 2.20 were used for data analysis. In this
study, the baseline indicators were grouped according to
the quintile of TyG-BMI, and the baseline characteristics
of the proportion, median (interquartile range) or mean
(SD: standard deviation) of individuals in each group
were compared, in which TyG-BMI grouping was car-
ried out by quantile function. The differences in categor-
ical variables among the TyG-BMI groups were
compared by Pearson’s χ2 test. The differences in

continuous variables among the TyG-BMI groups were
compared by ANOVA and Kruskal–Wallis H tests, and
then Tukey’s HSD test and the Steel-Dwass test were
used as post hoc tests.
Multivariate Cox regression was used to evaluate the

relationship between diabetes and TyG-BMI, and the
hazard ratio (HR) for diabetes and the corresponding
95 % confidence interval (CI) were calculated after con-
trolling for confounding variables. Four models were
used for multivariate Cox regression analysis in this
study [24]: Model I (adjusted for the most basic

Fig. 1 Flow diagram of subjects included in the cohort study
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demographic variables: sex, age and height), model II
(adjusted for variables that contributed more than 10 %
to the risk of TyG-BMI matching with diabetes), model
III (adjusted model II + univariate analysis of variables
with P < 0.05) and model IV (all non-collinear variables
were adjusted) [25]. The Kaplan–Meier survival curve
showed the risk of diabetes for each TyG-BMI quintile.
At the same time, the area under the curve (AUC) was
calculated by receiver operating characteristic (ROC)
curve analysis, and the predictive abilities of the TyG
index, BMI, FPG and TyG-BMI for diabetes risk were
compared.
To further analyze the association between diabetes

and TyG-BMI, the researchers also applied a hierarchical
Cox regression model for hierarchical analysis to explore
the association between TyG-BMI and diabetes in
people of different ages, sexes and BMIs. Age stratifica-
tion was performed according to a previous study [21],
and BMI stratification was carried out according to the
criteria recommended by the Chinese Obesity working
Group [26]. The likelihood ratio test was used to exam-
ine the differences between different hierarchical groups
to determine whether there were interactions.

Results
Anthropometric and biochemical characteristics of the
study subjects
After excluding the subjects who did not meet the cri-
teria, 116,661 eligible subjects were finally analyzed. In-
cluding 62,759 men and 53,902 women, their average
age was 44.07 (12.93) years old, and their average TyG-
BMI was 197.30 (36.96). The anthropometric and bio-
chemical characteristics of patients who were stratified
according to the TyG-BMI quintile are shown in Table 1.
It is not difficult to see that in this study, the BMI,
weight, age, systolic/diastolic blood pressure (S/DBP),
height, FPG, TyG, total cholesterol (TC), aspartate ami-
notransferase (AST), triglyceride (TG), blood urea nitro-
gen (BUN), low-density lipid cholesterol (LDL-C),
alanine aminotransferase (ALT) and serum creatinine
(Scr) of the subjects gradually increased with the in-
crease of TyG-BMI, while the HDL-C gradually de-
creased with the increase of TyG-BMI. Additionally, the
proportion of men gradually increased with the gradual
increase in TyG-BMI, while the proportion of women
gradually decreased.

Follow-up results of the subjects
During the average follow-up period of 3.1 (0.95) years,
1888 men (1.61 %) and 793 women (0.68 %) were newly
diagnosed with diabetes. The cumulative incidence of
diabetes was 0.33 % (76/23,332) in Group Q1, 0.53 %
(123/23,332) in Group Q2, 1.41 % (328/23,333) in Group
Q3, 2.76 % (644/23,331) in Group Q4, and 6.47 % (1510/

23,333) in Group Q5. Figure 2 shows the results of the
Kaplan–Meier analysis based on the TyG-BMI quintile,
in which the incidence of diabetes in the Q1 group was
significantly higher than that in the other groups.

Diabetes risk of TyG-BMI and its quintile
Cox regression models were established to evaluate the
association between TyG-BMI and diabetes. Before
modeling, the collinearity between the covariate and
TyG-BMI was first checked [27]. Among them, body
weight, BMI, TyG, TC and TyG-BMI had high collinear-
ity and could not be included in the following analysis
(Supplementary Table 1). In this study, four multivariate
adjustment models were established (Table 2), in which
Model I adjusted the covariates related to general demo-
graphics. The results indicated that TyG-BMI was
strongly positively correlated with the risk of future dia-
betes (HR 2.12 per SD increase, 95 % CI: 2.05 to 2.19),
and the risk of diabetes corresponding to TyG-BMI was
gradually increased compared with the lowest quintile
group (P for trend < 0.00001). Model II adjusted for vari-
ables that contributed more than 10 % to the risk of
TyG-BMI matching with diabetes, and the results sug-
gested that the association between TyG-BMI and dia-
betes was slightly weakened. After further adjusting for
significant variables in the univariate analysis on the
basis of model II (model III), the positive correlation be-
tween TyG-BMI and its quintile and diabetes remained
stable (HR 1.50 per SD increase, 95 % CI: 1.40 to 1.60, P
for trend < 0.00001). Finally, the researchers adjusted all
non-collinear variables, and the results were similar to
those before. In summary, TyG-BMI was an independent
risk factor for new-onset diabetes.

Association of TyG-BMI with new-onset diabetes in
different subgroups
As stated in previous studies, TyG-BMI is a marker that
can better reflect the metabolic state of the body [11,
12]. Therefore, the researchers continued to explore the
association between TyG-BMI and diabetes in different
sexes, ages and BMI phenotypes, and the results showed
that there were significant differences in TyG-BMI-
related diabetes risk among different ages and BMI (P
for interaction < 0.05). As shown in Table 3, among
people with different phenotypes, it can be observed that
some special groups have a significantly higher risk of
developing diabetes. Among them, in the age stratifica-
tion, the risk of TyG-BMI-related diabetes in young and
middle-aged people was significantly higher than that in
middle-aged and elderly people [HR (per SD increase):
20-30years: 1.83, 31-40years: 2.16, 41-50years: 1.87 vs.
51-60years: 1.45, 61-70years: 1.14, > 70years:1.26]. In
BMI stratification, non-obese people seem to be the
focus of attention, and non-obese people had a
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significantly higher risk of TyG-BMI-related diabetes
than overweight and obese people [HR (per SD in-
crease): BMI < 24 kg/m2: 2.32 vs. BMI ≥ 24, < 28 kg/m2:
1.68, BMI ≥ 28 kg/m2: 1.25].

Predictive value of TyG-BMI in new-onset diabetes
To compare the predictive value of TyG-BMI for new-
onset diabetes, the researchers performed ROC curve
analysis (Fig. 3). For the prediction of new-onset

diabetes, the AUCs of TyG-BMI, BMI, FPG and TyG
were 0.7741 (0.7658–0.7824), 0.7264 (0.7172–0.7355),
0.8589 (0.8504–0.8675) and 0.7650 (0.7564–0.7736), re-
spectively. The AUC of TyG-BMI was significantly
higher than that of BMI or TyG alone (both P < 0.001).
The best cutoff value of TyG-BMI was 213.2966, the
sensitivity was 72.51 %, and the specificity was 69.54 %
(Table 4). However, in this study, TyG-BMI did not per-
form as well as FPG for predicting new-onset diabetes.

Table 1 Baseline characteristics of the study subjects

TyG-BMI quintile P-value

Q1(96.68-164.00) Q2(164.00-184.00) Q3(184.00-204.10) Q4(204.11-228.11) Q5(228.11-477.08)

No. of subjects 23332 23332 23333 23331 23333

Age (years) 35.00 (31.00-42.00) 39.00 (33.00-49.00) 43.00 (35.00-54.00) 46.00 (36.00-57.00) 46.00 (37.00-58.00) <0.001

Sex <0.001

Male 5899 (25.28%) 9418 (40.37%) 13306 (57.03%) 16083 (68.93%) 18053 (77.37%)

Female 17433 (74.72%) 13914 (59.63%) 10027 (42.97%) 7248 (31.07%) 5280 (22.63%)

Family history of diabetes 492 (2.11%) 563 (2.41%) 522 (2.24%) 517 (2.22%) 540 (2.31%) <0.001

Height (cm) 164.07 (7.44) 164.99 (8.13) 166.43 (8.49) 167.52 (8.39) 168.44 (8.30) <0.001

Weight (kg) 52.02 (5.79) 58.69 (6.53) 64.41 (7.32) 70.03 (7.83) 79.24 (10.26) <0.001

BMI (kg/m2) 19.29 (1.30) 21.50 (1.12) 23.19 (1.20) 24.89 (1.32) 27.86 (2.36) <0.001

SBP (mmHg) 110.29 (13.49) 114.84 (14.86) 119.76 (15.65) 123.68 (16.16) 128.57 (16.60) <0.001

DBP (mmHg) 68.00 (63.00-74.00) 70.00 (64.00-77.00) 74.00 (67.00-81.00) 76.00 (70.00-84.00) 80.00 (73.00-88.00) <0.001

FPG (mmol/L) 4.69 (0.53) 4.83 (0.54) 4.94 (0.57) 5.05 (0.60) 5.23 (0.64) <0.001

TG (mmol/L) 0.66 (0.51-0.84) 0.87 (0.69-1.11) 1.10 (0.85-1.45) 1.44 (1.10-1.90) 2.07 (1.51-2.88) <0.001

TyG 7.81 (0.38) 8.11 (0.38) 8.38 (0.41) 8.67 (0.43) 9.08 (0.52) <0.001

TC (mmol/L) 4.43 (0.79) 4.63 (0.83) 4.79 (0.87) 4.95 (0.89) 5.14 (0.92) <0.001

HDL-C (mmol/L) 1.53 (0.31) 1.45 (0.29) 1.36 (0.28) 1.30 (0.27) 1.23 (0.27) <0.001

LDL-C (mmol/L) 2.50 (0.59) 2.68 (0.63) 2.81 (0.67) 2.91 (0.68) 2.95 (0.72) <0.001

ALT (IU/L) 13.00 (10.20-17.00) 15.00 (11.50-20.30) 18.00 (13.60-25.00) 22.00 (16.00-31.28) 29.00 (20.10-43.70) <0.001

AST (IU/L) 19.90 (17.00-23.00) 20.70 (17.70-24.20) 22.00 (18.70-26.00) 23.00 (19.90-28.00) 25.70 (21.20-32.00) <0.001

BUN (mmol/L) 4.28 (3.60-5.09) 4.44 (3.73-5.25) 4.60 (3.88-5.42) 4.72 (4.02-5.53) 4.79 (4.06-5.60) <0.001

Scr (mmol/L) 60.30 (53.30-70.90) 64.70 (55.60-77.60) 70.90 (59.00-82.00) 74.90 (63.20-84.30) 76.10 (66.00-85.80) <0.001

Smoking status <0.001

Non 556 (2.38%) 859 (3.68%) 1199 (5.14%) 1719 (7.37%) 2325 (9.96%)

Former 95 (0.41%) 172 (0.74%) 294 (1.26%) 362 (1.55%) 403 (1.73%)

Current 5106 (21.88%) 5022 (21.52%) 4995 (21.41%) 4861 (20.83%) 4665 (19.99%)

Not recorded 17575 (75.33%) 17279 (74.06%) 16845 (72.19%) 16389 (70.25%) 15940 (68.32%)

Drinking status <0.001

Non 50 (0.21%) 82 (0.35%) 151 (0.65%) 233 (1.00%) 356 (1.53%)

Former 483 (2.07%) 759 (3.25%) 1160 (4.97%) 1426 (6.11%) 1696 (7.27%)

Current 5224 (22.39%) 5212 (22.34%) 5177 (22.19%) 5283 (22.64%) 5341 (22.89%)

Not recorded 17575 (75.33%) 17279 (74.06%) 16845 (72.19%) 16389 (70.25%) 15940 (68.32%)

Values were expressed as mean (SD) or medians (quartile interval) or n (%). The differences among quintiles were evaluated by one-way ANOVA and Tukey’s HSD
test or the Kruskal–Wallis test and Steel–Dwass test. After making a pairwise comparison between the quintiles, the results showed that there were significant
differences among all groups (P < 0.05)
Abbreviations: BMI Body mass index, SBP systolic blood pressure, DBP diastolic blood pressure FPG fasting plasma glucose, TG triglyceride, TyG the triglyceride-
glucose index, TyG-BMI triglyceride glucose-body mass index, TC total cholesterol, LDL-C low-density lipid cholesterol, BUN blood urea nitrogen, Scr serum
creatinine, ALT alanine aminotransferase, AST aspartate aminotransferase
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Discussion
In this retrospective cohort study based on the Chinese
population, it was observed that regardless of whether
TyG-BMI was a categorical variable or a continuous
variable, after fully adjusting for the covariates, TyG-
BMI was always independently positively correlated with
new-onset diabetes. ROC analysis suggested that TyG-
BMI was superior to TyG and BMI in predicting new-
onset diabetes.

Comparisons with other studies and what does the
current work add to the existing knowledge
Diabetes is a metabolic disease with serious health conse-
quences, and early prevention and screening should be
given full attention [1, 6]. As the testing method using
HIEC technology is expensive and time-consuming, it has
become a hot topic to identify simple and practical clinical
markers. In this context, a large number of obesity-related
parameters and anthropometric parameters have been

Fig. 2 Kaplan-Meier analysis of future diabetes risk according to TyG-BMI quintiles. TyG-BMI: triglyceride glucose-body mass index

Table 2 Hazard ratios for diabetes events by quintiles of TyG-BMI

HR (95%CI)

Multivariable Analysis (per SD increase) Q1 Q2 Q3 Q4 Q5 P for trend

Model I 2.12 (2.05, 2.19) Ref 1.25 (0.94, 1.67) 2.82 (2.19, 3.63) 4.89 (3.84, 6.23) 11.11 (8.77, 14.06) <0.001

Model II 1.46 (1.40, 1.52) Ref 1.14 (0.85, 1.52) 2.33 (1.81, 3.00) 3.08 (2.41, 3.94) 4.62 (3.62, 5.89) <0.001

Model III 1.50 (1.40, 1.60) Ref 1.16 (0.74, 1.80) 2.05 (1.37, 3.07) 3.23 (2.19, 4.77) 4.69 (3.17, 6.94) <0.001

Model IV 1.49 (1.40, 1.59) Ref 1.15 (0.74, 1.80) 2.05 (1.37, 3.06) 3.22 (2.18, 4.75) 4.65 (3.14, 6.89) <0.001

Model I adjusted for sex, age and height
Model II adjusted for SBP, FPG, HDL-C and ALT
Model III adjusted for age, sex, SBP, DBP, FPG, TG, HDL-C, LDL-C, ALT, AST, BUN, Scr, Smoking status, Drinking status and family history of diabetes
Model IV adjusted for age, sex, SBP, DBP, FPG, TG, HDL-C, LDL-C, ALT, AST, BUN, Scr, Smoking status, Drinking status family history of diabetes and height
Abbreviations: TyG-BMI triglyceride glucose-body mass index, HR hazard ratios, CI confidence, other abbreviations as in Table 1
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Table 3 Stratified association between TyG-BMI and diabetes by age, sex, and BMI

Subgroup No. of participants unadjusted HR (95 %CI) adjusted HR (95 %CI) P for interaction

Age (years) 0.0095

20–30 14,934 2.81 (2.34, 3.36) 1.83 (1.24, 2.70)

31–40 41,461 2.79 (2.58, 3.01) 2.16 (1.90, 2.47)

41–50 26,038 2.58 (2.41, 2.76) 1.87 (1.65, 2.12)

51–60 19,151 2.06 (1.95, 2.19) 1.45 (1.31, 1.61)

61–70 10,701 1.67 (1.55, 1.80) 1.14 (1.01, 1.29)

>70 4376 1.56 (1.40, 1.74) 1.26 (1.08, 1.48)

Sex 0.0651

Male 62,759 2.13 (2.05, 2.22) 1.44 (1.33, 1.55)

Female 53,902 2.51 (2.39, 2.64) 1.59 (1.45, 1.74)

BMI (kg/m2) < 0.0001

<24 69,459 5.57 (4.92, 6.31) 2.32 (1.86, 2.89)

≥24, < 28 37,086 3.47 (3.15, 3.82) 1.68 (1.38, 2.04)

≥ 28 10,116 1.80 (1.65, 1.97) 1.25 (1.07, 1.45)

Adjusted for age, sex, SBP, DBP, FPG, TG, HDL-C, LDL-C, ALT, AST, BUN, Scr, Smoking status, Drinking status and family history of diabetes
Abbreviations as in Tables 1 and 2

Fig. 3 Receiver operating characteristic (ROC) curve analyses to predict diabetes. AUC: area under the curve; BMI: body mass index, TyG:
triglyceride-glucose index, TyG-BMI: triglyceride glucose-body mass index
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studied. TyG-BMI is the product of TyG and BMI, which
was first reported by Professor Er in 2016 [18]. After com-
paring traditional lipid parameters, blood glucose parame-
ters, blood lipid ratio and obesity-related indicators, they
found that TyG-BMI had the highest AUC for identifying
IR. In addition, in several recent studies, TyG-BMI has
been found to be closely related to prehypertension,
NAFLD and stroke [28–30]. These results suggest that
TyG-BMI has value as a predictor of metabolic diseases.
In this study, the association strength between TyG-

BMI and diabetes risk was smaller than that of two simi-
lar previous studies [19, 20], which may be related to the
more fully adjusted model in this study. In a cross-
sectional study conducted in China in 2016, Zheng et al.
evaluated the relationship between diabetes and TyG-
BMI for the first time [19]. Their results indicated that
after adjusting for DBP, age, SBP and sex, the OR for
diabetes in the quartile of TyG was 1, 2.41, 3.79 and
9.04, respectively. Another follow-up study from Spain
confirmed this finding [20]. They adjusted covariates
such as age, smoking, drinking and physical activity in
the logical regression model. The OR value of diabetes
corresponding to TyG-BMI was 4.63 (3.12–6.89) in the
fourth quartile. Different from these two cross-sectional
studies, this study adopted a longitudinal design and fur-
ther expanded the sample size, confirming that there is a
causal association between TyG-BMI and diabetes,
which is independent of traditional risk factors.
Some interesting phenomena were also found in the

subgroup analysis of this study, in which there were sig-
nificant differences in TyG-BMI-related NAFLD risk
among different ages and BMI phenotypes. In the sub-
group of age stratification, the risk of TyG-BMI-related
diabetes in young and middle-aged people was signifi-
cantly higher than that in middle-aged and elderly
people. This strange phenomenon is considered to be
the impact of the rapid development of society. At
present, in China and around the world, the aging popu-
lation is increasing, and the long-term birth control pol-
icy has led to a shrinking labor force [31–33], further
aggravating the social pressure on young and middle-
aged people [34, 35]. In the BMI stratified subgroup,
non-obese people actually have a higher risk of TyG-
BMI-related diabetes than overweight and obese people,

which seems abnormal, but diabetes in non-overweight
individuals is a problem that is receiving increasing at-
tention in society [36]. With changes in social structure,
lifestyle and diet, some subtle changes have taken place
in the human body structure, especially fat storage,
which has increased significantly [37, 38]. Relying solely
on BMI to distinguish obesity cannot reflect this infor-
mation [39].
Although the underlying mechanism of the relation-

ship between TyG-BMI and diabetes is unclear, it may
be related to IR. IR is the core mechanism of the occur-
rence and progression of diabetes, which has been con-
firmed in previous studies [1]. TyG-BMI is a combined
marker of FPG, TG and BMI, and the role of TG and
FPG in the identification of IR has been well verified in
previous studies [40, 41]. Among people with normal
blood glucose levels, a higher level of FPG is an inde-
pendent risk factor for diabetes. When FPG increases
gradually, the insulin sensitivity of skeletal muscle de-
creases [40, 42]. On the other hand, hepatic TG content
is an important determinant of hepatic IR [43]. A com-
bination of TG and FPG has a high sensitivity, similar to
the HIEC test. After further combining it with BMI [16],
its ability to identify IR is further improved [18].
This is the first study to explore the causal relationship

between diabetes and TyG-BMI, and the results of this
study provide a reliable marker for the early identifica-
tion of individuals at high risk of diabetes. Although the
attraction of using HIEC technology to measure IR is
undeniable, it is not applicable to general physical exam-
inations and large-scale epidemiological investigations
considering its high economic and time cost [14], and
the use of simple and effective alternative markers can
better achieve the goals [18]. TyG-BMI is the product of
TyG and BMI, which is fast and convenient to calculate
and can better reflect the IR status [18]. In addition, in-
dicators such as FPG, TG and BMI are very common
and routine examination items, which provides greater
convenience for the smooth development of population
physical examinations and epidemiological studies.

Study strength and limitations
The biggest strength of this study is that it includes a
large sample of more than 100,000 people from many

Table 4 Areas under the receiver operating characteristic curves for each evaluated parameters in identifying diabetes

Test AUC 95 %CI low 95 %CI upp Best threshold Specificity Sensitivity

TyG-BMI 0.7741 0.7658 0.7824 213.2966 0.6954 0.7251

TyG* 0.7650 0.7564 0.7736 8.5673 0.6312 0.7766

BMI* 0.7264 0.7172 0.7355 24.5950 0.6695 0.6718

FPG 0.8589 0.8504 0.8675 5.5050 0.8564 0.7363

AUC area under the curve; other abbreviations as in Table 1
*P < 0.0001, compare with TyG-BMI
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regions of China; after sufficient model adjustment, the
independent relationship between diabetes and TyG-
BMI has been confirmed. ROC analysis further con-
firmed that TyG-BMI was a better independent pre-
dictor of diabetes, and subgroup analysis identified high-
risk populations. Through these reliable statistical ana-
lyses, the conclusion of this study can be considered to
be quite reliable, and its findings can be applied to the
majority of the Chinese population for the early assess-
ment of diabetes risk.
The advantages of this study are clear, but limitations

also exist, which are mainly as follows: (1) The diagnosis
of diabetes in this study does not distinguish between
type 2 diabetes and type 1 diabetes. However, the find-
ings of this study may be more suitable for predicting
the risk of type 2 diabetes because the number of pa-
tients with type 2 diabetes exceeds 95 % of all cases of
diabetes [44]. (2) The diagnosis of diabetes in this study
depends on the subjects’ self-report or FPG > 7.0 mmol/
L during the follow-up period, which may lead to an
underestimation of the true prevalence of diabetes. (3)
Because this study is a post hoc analysis of a previous
study [21], the database variables are fixed. Although
many confounding factors were adjusted, there were still
some variables that were not included in the database,
such as IR, glycosylated hemoglobin, exercise habits, etc.
Therefore, there may be some residual confounding [45].
(4) The patients were followed up for a relatively short
period of time, and the immediate effect of a shorter
follow-up time is a lower incidence of observed endpoint
events. However, the researchers still found a strong cor-
relation between the two, which suggests that TyG-BMI
may have high value as a predictor of diabetes.

Conclusions
This cohort study of the Chinese population shows that
after excluding other confounding factors, there is a
causal association of TyG-BMI with diabetes, and this
independent association is more obvious in young,
middle-aged and non-obese people. These data provide
strong evidence to enhance the value of TyG-BMI in the
evaluation of diabetes and to provide a simple and eco-
nomical approach for the early prevention and treatment
of diabetes.

Abbreviations
IR: Insulin resistance; TyG-BMI: Triglyceride glucose-body mass index;
HIEC: Hyperinsulinemic-euglycemic clamp; TyG: Triglyceride glucose;
TG: Triglyceride; FPG: Fasting plasma glucose; BMI: Body mass index;
HR: Hazard ratio; CI: Confidence interval; AUC: Area under the curve;
ROC: Receiver operating characteristic curve; S/DBP: Systolic/diastolic blood
pressure; TC: Total cholesterol; TG: Triglyceride; LDL-C: Low-density lipid
cholesterol; ALT: Alanine aminotransferase; AST: Aspartate aminotransferase;
BUN: Blood urea nitrogen; Scr: Serum creatinine; SD: Standard deviation

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s12944-021-01532-7.

Additional file 1: Supplementary Table 1. Collinearity diagnostics
steps.

Acknowledgements
Thanks to the doctoral team of Jiangxi Provincial People’s Hospital for their
guidance and help in the whole research process.

Authors’ contributions
WS and XY-S conceived the study idea. XY-S analysed the data. WS, YJ-Z, XH-
C and XY-S wrote the paper. The author(s) read and approved the final
manuscript.

Funding
No.

Availability of data and materials
The data used in this study have been uploaded to the “Dryad” database by
Professor Chen et al.

Declarations

Ethics approval and consent to participate
Due to the anonymity of the data, research ethics has been approved in
previous studies, so there was no need to reapply in this study.

Consent for publication
Not applicable.

Competing interests
All authors have no conflicts of interest to declare.

Author details
1Department of Endocrinology, Jiangxi Provincial People’s Hospital Affiliated
to Nanchang University, 330006 Nanchang, Jiangxi Province, China.
2Department of Endocrinology, Yihuang County People’s Hospital, 344400
Fuzhou, Jiangxi Province, China.

Received: 5 July 2021 Accepted: 26 August 2021

References
1. Stumvoll M, Goldstein BJ, van Haeften TW. Type 2 diabetes: principles of

pathogenesis and therapy. Lancet. 2005;365:1333–46.
2. Chan JC, Malik V, Jia W, Kadowaki T, Yajnik CS, Yoon KH, et al. Diabetes in

Asia: epidemiology, risk factors, and pathophysiology. JAMA. 2009;301:2129–
40.

3. Hu FB. Globalization of diabetes: the role of diet, lifestyle, and genes.
Diabetes Care. 2011;34:1249–57.

4. NCD Risk Factor Collaboration (NCD-RisC). Worldwide trends in diabetes
since 1980: a pooled analysis of 751 population-based studies with 4.4
million participants. Lancet. 2016;387:1513–30.

5. Saeedi P, Petersohn I, Salpea P, Malanda B, Karuranga S, Unwin N, et al.
Global and regional diabetes prevalence estimates for 2019 and projections
for 2030 and 2045: results from the International Diabetes Federation
Diabetes Atlas, 9th edition. Diabetes Res Clin Pract. 2019;157:107843.

6. Chatterjee S, Khunti K, Davies MJ. Type 2 diabetes. Lancet. 2017;389:2239–
51.

7. Kwak SH, Park KS. Recent progress in genetic and epigenetic research on
type 2 diabetes. Exp Mol Med. 2016;48:e220.

8. Lann D, Leroith D. Insulin resistance as the underlying cause for the
metabolic syndrome. Med Clin North Am. 2007;91:1063–77 viii.

9. Barazzoni R, Gortan Cappellari G, Ragni M, Nisoli E. Insulin resistance in
obesity: an overview of fundamental alterations. Eat Weight Disord. 2018;23:
149–57.

10. Buzzetti E, Pinzani M, Tsochatzis EA. The multiple-hit pathogenesis of non-
alcoholic fatty liver disease (NAFLD). Metabolism. 2016;65:1038–48.

Wang et al. Lipids in Health and Disease           (2021) 20:99 Page 9 of 10

https://doi.org/10.1186/s12944-021-01532-7
https://doi.org/10.1186/s12944-021-01532-7


11. Bjornstad P, Eckel RH. Pathogenesis of lipid disorders in insulin resistance: a
brief review. Curr Diab Rep. 2018;18:127.

12. Bonora E, Kiechl S, Willeit J, Oberhollenzer F, Egger G, Targher G, et al.
Prevalence of insulin resistance in metabolic disorders: the Bruneck Study.
Diabetes. 1998;47:1643–9.

13. DeFronzo RA, Tobin JD, Andres R. Glucose clamp technique: a method for
quantifying insulin secretion and resistance. Am J Physiol. 1979;237:E214-23.

14. Muniyappa R, Lee S, Chen H, Quon MJ. Current approaches for assessing
insulin sensitivity and resistance in vivo: advantages, limitations, and
appropriate usage. Am J Physiol Endocrinol Metab. 2008;294:E15–26.

15. Lee EY, Yang HK, Lee J, Kang B, Yang Y, Lee SH, et al. Triglyceride glucose
index, a marker of insulin resistance, is associated with coronary artery
stenosis in asymptomatic subjects with type 2 diabetes. Lipids Health Dis.
2016;15:155.

16. Mohd Nor NS, Lee S, Bacha F, Tfayli H, Arslanian S. Triglyceride glucose
index as a surrogate measure of insulin sensitivity in obese adolescents with
normoglycemia, prediabetes, and type 2 diabetes mellitus: comparison with
the hyperinsulinemic-euglycemic clamp. Pediatr Diabetes. 2016;17:458–65.

17. Kheirollahi A, Teimouri M, Karimi M, Vatannejad A, Moradi N, Borumandnia
N, et al. Evaluation of lipid ratios and triglyceride-glucose index as risk
markers of insulin resistance in Iranian polycystic ovary syndrome women.
Lipids Health Dis. 2020;19:235.

18. Er LK, Wu S, Chou HH, Hsu LA, Teng MS, Sun YC, et al. Triglyceride glucose-
body mass index is a simple and clinically useful surrogate marker for
insulin resistance in nondiabetic individuals. PLoS One. 2016;11:e0149731.

19. Zheng S, Shi S, Ren X, Han T, Li Y, Chen Y, et al. Triglyceride glucose-waist
circumference, a novel and effective predictor of diabetes in first-degree
relatives of type 2 diabetes patients: cross-sectional and prospective cohort
study. J Transl Med. 2016;14:260.

20. Ramírez-Vélez R, Pérez-Sousa M, González-Ruíz K, Cano-Gutierrez CA,
Schmidt-RioValle J, Correa-Rodríguez M, 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;11:2654.

21. Chen Y, Zhang XP, Yuan J, Cai B, Wang XL, Wu XL, et al. Association of body
mass index and age with incident diabetes in Chinese adults: a population-
based cohort study. BMJ Open. 2018;8:e021768.

22. Chen Y, et al. Data from: association of body mass index and age with
incident diabetes in Chinese adults: a population-based cohort study.
Dataset: Dryad; 2018. https://doi.org/10.5061/dryad.ft8750v.

23. Grant RW, Kirkman MS. Trends in the evidence level for the American
Diabetes Association’s “Standards of Medical Care in Diabetes” from 2005 to
2014. Diabetes Care. 2015;38:6–8.

24. Fitchett EJA, Seale AC, Vergnano S, Sharland M, Heath PT, Saha SK, et al.
Strengthening the Reporting of Observational Studies in Epidemiology for
Newborn Infection (STROBE-NI): an extension of the STROBE statement for
neonatal infection research. Lancet Infect Dis. 2016;16:e202–13.

25. Vandenbroucke JP, von Elm E, Altman DG, Gøtzsche PC, Mulrow CD, Pocock
SJ, Poole C, Schlesselman JJ, Egger M. Strengthening the reporting of
observational studies in epidemiology (STROBE): explanation and
elaboration. Int J Surg. 2014;12:1500–24.

26. Zhou BF, Cooperative Meta-Analysis Group of the Working Group on
Obesity in China. 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;15:83–96.

27. Kim JH. Multicollinearity and misleading statistical results. Korean J
Anesthesiol. 2019;72:558–69.

28. Zeng ZY, Liu SX, Xu H, Xu X, Liu XZ, Zhao XX. Association of triglyceride
glucose index and its combination of obesity indices with prehypertension
in lean individuals: a cross-sectional study of Chinese adults. J Clin
Hypertens (Greenwich). 2020;22:1025–32.

29. Du Z, Xing L, Lin M, Sun Y. Estimate of prevalent ischemic stroke from
triglyceride glucose-body mass index in the general population. BMC
Cardiovasc Disord. 2020;20:483.

30. Wang R, Dai L, Zhong Y, Xie G. Usefulness of the triglyceride glucose-body
mass index in evaluating nonalcoholic fatty liver disease: insights from a
general population. Lipids Health Dis. 2021;20:77.

31. Teng H, Cao Z, Liu J, Liu P, Hua W, Yang Y, et al. Health status and burden
of health care costs among urban elderly in China. Asia Pac J Public Health.
2015;27:61S-8S.

32. People’s Daily. 400 million births prevented by one-child policy. 2011 http://
en.people.cn/90882/7629166.html. [Accessed 28 Aug 2016]

33. Herrmann M. Population aging and economic development: anxieties and
policy responses. J Popul Aging. 2012;5:23–46.

34. Wang F. Can China afford to continue its one-child policy? AsianPacific
Issues: Analysis from the East-West Center. 2005. p. 77.

35. Eriksson M, Ng N. Changes in access to structural social capital and its
influence on self-rated health over time for middle-aged men and women:
a longitudinal study from northern Sweden. Soc Sci Med. 2015;130:250–8.

36. Gujral UP, Weber MB, Staimez LR, Narayan KMV. Diabetes Among Non-
Overweight Individuals: an Emerging Public Health Challenge. Curr Diab
Rep. 2018;18:60.

37. Jaacks LM, Vandevijvere S, Pan A, McGowan CJ, Wallace C, Imamura F, et al.
The obesity transition: stages of the global epidemic. Lancet Diabetes
Endocrinol. 2019;7:231–40.

38. Neeland IJ, Ross R, Després JP, Matsuzawa Y, Yamashita S, Shai I,
International Atherosclerosis Society; International Chair on Cardiometabolic
Risk Working Group on Visceral Obesity, et al. Visceral and ectopic fat,
atherosclerosis, and cardiometabolic disease: a position statement. Lancet
Diabetes Endocrinol. 2019;7:715–25.

39. Zou Y, Sheng G, Yu M, Xie G. The association between triglycerides and
ectopic fat obesity: an inverted U-shaped curve. PLoS One. 2020;15:
e0243068.

40. O’Malley G, Santoro N, Northrup V, D’Adamo E, Shaw M, Eldrich S, et al.
High normal fasting glucose level in obese youth: a marker for insulin
resistance and beta cell dysregulation. Diabetologia. 2010;53:1199–209.

41. Tirosh A, Shai I, Bitzur R, Kochba I, Tekes-Manova D, Israeli E, et al. Changes
in triglyceride levels over time and risk of type 2 diabetes in young men.
Diabetes Care. 2008;31:2032–7.

42. Petersen KF, Dufour S, Savage DB, Bilz S, Solomon G, Yonemitsu S, et al. The
role of skeletal muscle insulin resistance in the pathogenesis of the
metabolic syndrome. Proc Natl Acad Sci U S A. 2007;104:12587–94.

43. Ryysy L, Häkkinen AM, Goto T, Vehkavaara S, Westerbacka J, Halavaara J,
et al. Hepatic fat content and insulin action on free fatty acids and glucose
metabolism rather than insulin absorption are associated with insulin
requirements during insulin therapy in type 2 diabetic patients. Diabetes.
2000;49:749–58.

44. World Health Organization. Prevention of diabetes mellitus Accessed 28
Dec 2012.

45. Black N. Why we need observational studies to evaluate the effectiveness of
health care. BMJ. 1996;312:1215–8.

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

Wang et al. Lipids in Health and Disease           (2021) 20:99 Page 10 of 10

https://doi.org/10.5061/dryad.ft8750v
http://en.people.cn/90882/7629166.html
http://en.people.cn/90882/7629166.html

	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Study design and data source
	Data collection
	Definition and calculation
	Drinking/smoking status

	Statistical analysis

	Results
	Anthropometric and biochemical characteristics of the study subjects
	Follow-up results of the subjects
	Diabetes risk of TyG-BMI and its quintile
	Association of TyG-BMI with new-onset diabetes in different subgroups
	Predictive value of TyG-BMI in new-onset diabetes

	Discussion
	Comparisons with other studies and what does the current work add to the existing knowledge
	Study strength and limitations

	Conclusions
	Abbreviations
	Supplementary Information
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Declarations
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

