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Assessing the validity of METS-IR -l
for predicting the future onset of diabetes:

an analysis using time-dependent receiver
operating characteristics
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Abstract

Background The Metabolic Insulin Resistance Score (METS-IR) is a non-invasive proxy for insulin resistance (IR) that
has been newly developed in recent years and has been shown to be associated with diabetes risk. Our aim was to
assess the predictive value of METS-IR for the future development of diabetes and its temporal differences in people
of different sex, age, and body mass index (BMI).

Methods The current study included 15,453 baseline non-diabetic subjects in the NAGALA cohort and then
grouped according to the World Health Organization’s (WHO) recommended criteria for age and BMI. Multivariate
Cox regression and time-dependent receiver operator characteristics (ROC) curves were used to analyze the value of
METS-IR in assessing and predicting the risk of diabetes in people of different sexes, ages, and BMls.

Results 373 individuals developed diabetes during the observation period. By multivariate COX regression analysis,
the development of future diabetes was significantly associated with increased METS-IR, and this positive association
was stronger in women than in men and in individuals <45 years than in individuals > 45 years; while no significant
differences were observed between non-obese and overweight/obesity individuals. Using time-dependent ROC
analysis we also assessed the predictive value of METS-IR for future diabetes at a total of 11-time points between 2
and 12 years. The results showed that METS-IR had a higher predictive value for the future development of diabetes
in women or individuals <45 years of age compared to men or individuals > 45 years of age for almost the entire
follow-up period. Furthermore, across different BMI categories, we also found that in the short term (3-5 years),
METS-IR had a higher predictive value for the development of diabetes in individuals with overweight/obesity, while
in the medium to long term (612 years), METS-IR was more accurate in predicting the development of diabetes in
non-obese individuals.
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Conclusions Our study showed that METS-IR was independently associated with the development of future diabetes
in a non-diabetic population. METS-IR was a good predictor of diabetes, especially for women and individuals <45
years old for predicting the future risk of developing diabetes at all times.

Keywords METS-IR, Prediction, Diabetes, Non-invasive, Temporal differences, Time-dependent ROC

Background

The prevalence of diabetes is increasing year on year and
has become a major public health challenge worldwide,
with an estimated 783.2 million people, or approximately
12.2% of the global population, expected to have diabe-
tes by 2045 [1]. To make matters worse, the long duration
of diabetes and its various complications place a huge
burden on the individual, both mentally and physically,
and on the family finances of those with diabetes [2].
Thankfully, however, people at high risk of diabetes can
prevent/delay disease progression through early lifestyle
interventions [3, 4], and the core of prevention strate-
gies is the early identification and screening of individu-
als at high risk of diabetes [5]. Therefore, finding simple
and effective screening and risk prediction tools for at-
risk populations can inform clinical decision-making by
physicians and public health policy formulation, thereby
reducing the incidence of diabetes in the population and
ultimately improving public health.

IR, defined as reduced insulin sensitivity, is a major
pathophysiological feature of type 2 diabetes [6], usually
precedes the onset of diabetes [7], and is an important
driver of the onset of diabetes in the future [8]. There-
fore, accurate measurement of IR can not only improve
the identification of individuals at high risk of diabetes
but also enhance the prediction of future diabetes. How-
ever, the euglycemic-hyperinsulinemic clamp (EHC), the
gold standard for measuring IR, is not only expensive and
invasive [9], but its use as a health screening tool in clini-
cal practice seems less applicable. As an alternative, many
researchers have developed indirect methods for assess-
ing IR, including insulin homeostasis models and quanti-
tative insulin sensitivity check indices [10]. However, the
clinical application of these methods is limited due to the
atypical measurement of serum insulin [11, 12], so there
is a need to find simpler, inexpensive alternative methods
suitable for widespread health screening.

METS-IR is a new cardiometabolic risk score recently
developed by Prof. Bello-Chavolla OY, and the score
includes glucose parameters (fasting plasma glucose:
FPG), lipid parameters [triglyceride (TG) and high-
density lipoprotein cholesterol (HDL-C)], and obesity
parameters (BMI), which has a good fit with EHC and
is considered to be a promising alternative to IR [13].
To date, several studies have pointed to the METS-IR
as a useful indicator for assessing the risk of diabetes
and have suggested that the METS-IR should be used in
large epidemiological surveys as well as clinical screening

[14-17]; it is important to note that, given a large number
of components of the METS-IR, which may vary consid-
erably in different populations, identifying the METS-IR
for assessing/predicting the applicable groups for diabe-
tes is necessary. To address this issue, the current study
pre-grouped sex, age, and BMI according to WHO-
recommended criteria by constructing time-dependent
ROC curves at multiple follow-up time points to assess
the predictive value of baseline METS-IR for the future
development of diabetes and its variability in different
populations.

Methods

Data sources

The data used in the current study was sourced from
the Dryad public database and the original data was
uploaded and shared by Professor Okamura’s team (https
://doi.org/10.5061/dryad.8q0p192) [18]. Under the terms
of the Dryad database service, all researchers can use the
data in the database for in-depth analysis and dissemina-
tion of new knowledge.

The dataset used for the current study contained data
from a longitudinal cohort study conducted at Murakami
Memorial Hospital in Japan between 1994 and 2016. The
design and implementation steps of the study have been
described in detail by Professor Okamura et al. in a previ-
ous study [19]. In summary, the cohort was established
in 1994 and has continued to date; the study population
was the general population enrolled consecutively during
the study period for health screening at the Murakami
Memorial Hospital Health Screening Centre and the aim
of the study was to investigate common risk factors for
the onset of diabetes and fatty liver disease. Based on
the previous study, the current study aimed to use this
publicly available dataset to further assess the predic-
tive value of the baseline METS-IR for future diabetes
and its changes in different populations, and thus pro-
vide more accurate health advice for diabetes prevention
and treatment in the population. We extracted data from
this dataset of 20,944 individuals who underwent health
screening between 1994 and 2016, including demo-
graphic variables (sex, age), lifestyle variables (exercise,
smoking, and drinking habits), and health status ques-
tionnaires (diabetes and history of liver disease), as well
as the results of medical examinations at health screening
centers [including laboratory test data, measured height,
weight, waist circumference (WC), and blood pressure,
etc.]
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For the purposes of the current study, we excluded
participants with a combination of the following charac-
teristics: 323 participants with diabetes at baseline, 808
participants with FPG over 6.1 mmol/L, 416 participants
with liver disease (other than fatty liver), 739 participants
with excessive alcohol consumption (over 60 g/day for
men and 40 g/day for women), 2,321 participants using
medication at baseline (including but not limited to anti-
diabetic drugs, lipid-lowering drugs, antihypertensive
drugs, and hormone), 874 participants with missing data
and 10 participants who withdrew for unknown reasons.
Ultimately, we included 15,453 eligible participants for
subsequent study analysis, and the exact exclusion pro-
cess was shown in Fig. 1.
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Ethical approval and consent to participate

Informed consent for the use of study data has been
reported in previous studies where participant authori-
zation was obtained and research ethics was approved
by the Ethics Committee of Murakami Memorial Hos-
pital [19]. The present study was conducted as a sec-
ondary analysis and the identifiable information of the
participants was de-identified. The ethics committee of
the authors’ research institution (Jiangxi Provincial Peo-
ple’s Hospital) reviewed and approved the protocol of the
current study (IRB2021-066), waived duplicate applica-
tions for informed consent from participants, and super-
vised the entire study See STROBE statement (S1 Text).

Data acquisition and collection
As reported in the previous article [19], a standard-
ized questionnaire was used to collect information on

20,944 subjects were selected from May 1, 1994 - Dec 31, 2016

5,491 participants excluded:

(1) Diabetes has been diagnosed at baseline;
IN=323.

(i1) FPG > 6.1 mmol/L at baseline; N=808.
(iii) Liver disease has been diagnosed at
baseline (except fatty liver); N=416.

—> (iv) Excessive drinking (ethanol consumption
over 60 g/day for men and 40 g/day for
women); N=739.

(v) Medication usage; N=2,321.

(vi) incomplete data; N=874.

(vii) unexplained withdrawal from the survey;
N=10.

Y

15,453 eligible participants were included

Fig. 1 Flowchart of the selection process of study participants
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demographic characteristics, lifestyle (exercise habits,
smoking and drinking status), and health status (includ-
ing disease history and medication use). Physical mea-
surement parameters including height, weight, WC,
blood pressure, and other information were measured
by standard methods in a quiet environment. Laboratory
test data included blood lipids [total cholesterol (TC),
TG, HDL-C], blood glucose parameters [FPG and hemo-
globin Alc (HbAlc)], liver function enzymes indicators
[aspartate aminotransferase (AST), gamma-glutamyl
transferase (GGT), and alanine aminotransferase (ALT)]
were measured by an automated biochemical analyzer
using an 8-hour overnight fasted venous blood sample;
additionally, low-density lipoprotein cholesterol (LDL-
C) concentrations were calculated using the Friedewald
equation.

The diagnosis of fatty liver was made on the basis of
ultrasound. After the abdominal ultrasound images have
been acquired by a trained technician, the four main
assessment criteria of deep attenuation, hepatorenal echo
contrast, liver brightness, and vascular blurring were
analyzed and diagnosed by an experienced gastroenter-
ologist [20].

Calculations and definitions

METS-IR = (Ln ((2*EPG) + TG)*BMI)/(Ln (HDL-C)). Tri-
glyceride-Glucose (TyG) index=Ln((TG x FPG)/2). Note:
The measurement unit of FPG and TG was mg/dl [13].

Exercise habits: Participants were categorized into
those with exercise habits (>1 time per week) and those
with no exercise habits (<1 time per week), based on par-
ticipants’ weekly exercise [21].

Drinking status: Participants were categorized into
non/small drinking (<40 g/week), light drinking (40—
140 g/week), moderate drinking (140-280 g/week), and
heavy drinking (>280 g/week), based on their alcohol
consumption in the month prior to the baseline survey
[22].

Smoking status: Participants were classified into non-
smokers, past smokers, and current smokers, based on
their self-reported smoking history at baseline.

Outcome

The primary outcome was diabetes diagnosed during the
follow-up period. According to the American Diabetes
Association criteria [23], participants were diagnosed as
having diabetes if they had one of the following criteria:
(1) FPG>7.0 mmol/L; (2) HbAlc>6.5%; and (3) diabetes
diagnosed by other medical personnel.

Predefined subgroups
Sex subgroups: All participants were divided into men
and women groups.
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Age subgroups: Based on the standard of WHO in 2012
[24], people were divided into two groups: age=45 years
old and age <45 years old.

BMI subgroups: The population was divided into two
groups, overweight/obesity (BMI>25 kg/m?) and non-
obese (BMI<25 kg/m?), based on the WHO recom-
mended criteria for classifying BMI in Asians [25].

Statistical analysis

We compared participants’ baseline data in groups
according to whether they developed diabetes in the
future. Clinical variables that were skewed distributed
(including ALT, AST, GGT) were expressed as median
(interquartile range), normally distributed variables were
expressed as mean [standard deviation (SD)], and cat-
egorical variables were expressed as frequency (%). The
inverse probability of treatment weighting method was
used to calculate the standardized difference to quantify
the size of the difference between groups, and a standard-
ized difference>10% was considered significant [26, 27].

The association of METS-IR with diabetes in different
sexes, BMIs, and age groups was analyzed using Cox pro-
portional hazard regression models, with hazard ratios
(HRs) per SD increase and 95% confidence intervals (ClIs)
used to record the results. Before building the models, we
used the Kaplan-Meier method to plot the log-integrated
hazard versus time to assess the proportional hazards
assumption (Supplementary Fig. 1) [28], and calculated
the variance inflation factor to evaluate the collinear-
ity of METS-IR with other covariates when diabetes was
used as the dependent variable [29]. For a variance infla-
tion factor of less than 5 was considered acceptable in the
current study (Supplementary Table 1). Three stepwise
adjusted multivariate Cox proportional hazards regres-
sion models were constructed to explore the association
between METS-IR and diabetes risk [30]. In the Model
1, we mainly considered the impact of general demo-
graphic factors and lifestyle factors on the outcome, in
which covariates such as height, smoking status, drink-
ing status, exercise habits, and fatty liver were included in
the Cox model for adjustment; In the Model 2, we further
adjusted the liver enzyme indexes ALT, AST and GGT on
the basis of Model 1; and in the final model (Model 3), we
further adjusted the blood lipid parameters TC and TG,
blood pressure parameter (systolic blood pressure) and
blood glucose parameter HbAlc. In addition, based on
the Model 3, we also examined the differences in METS-
IR-related diabetes risk among different subgroups using
the likelihood ratio test.

In order to evaluate the predictive value of METS-IR
for the onset of diabetes at different times in the future,
we used the survival ROC package to draw time-depen-
dent ROC curves to evaluate the predictive ability of
METS-IR for the onset of diabetes in different subgroups
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and recorded prediction thresholds for corresponding
time points. To minimize the impact of reverse causality
on the association, we evaluated the predictive value of
METS-IR for the onset of diabetes at a total of 11-time
points between 2 and 12 years in a time-dependent ROC
analysis [31]. Then, we used the R-ggplot2 package to
draw the line graphs of the area under the ROC curves
(AUC) and prediction thresholds of different subgroups
over time to visually show the trend of AUC and pre-
diction thresholds in different subgroups over time. In

Table 1 Baseline demographic, lifestyle, and laboratory
characteristics in participants with and without diabetes

Nondiabetic Diabetes Standardized
Difference
(95% Cl), %
Participants (n) 15,080 373
Age (years) 43,63 (8.89) 47.14(8.52) 40 (30,51)
Sex 49 (39, 59)
Women 6947 (46.07%) 87 (23.32%)
Men 8133 (53.93%) 286 (76.68%)
Height (m) 1.65 (0.08) 1.67 (0.09) 19 (9, 29)
Weight (kg) 60.41(11.48) 69.84 (13.32) 76 (66, 86)
BMI (kg/m?2) 22.04 (3.07) 25.03(3.82) 86 (76,97)
ALT (IU/L) 17.00 24.00 67 (56,77)
(13.00-23.00) (18.00-39.00)
AST (IU/L) 17.00 20.00 44 (34, 55)
(14.00-21.00) (16.00-26.00)
GGT (U/L) 15.00 24.00 47 (37, 58)
(11.00-22.00) (17.00-36.00)
HDL-C (mg/dl) 56.81 (15.54) 4592 (12.72) 7 (66, 87)
TC (mg/dl) 197.93 (33.33) 209.95 (34.68) 5 (25, 46)
TG (mg/dl) 79.50 (56.58) 132.76 (86.65) 3(62,83)
LDL-C (mg/dl) 119.06 (28.82) 134.35(2943)  53(42,63)
HbATc (%) 5.16(0.32) 5.53(0.37) 107 (97, 118)
FPG (mg/dl) 92.76 (7.34) 101.14 (6.43) 121(111,132)
METS-IR 30.98 (6.36) 3858 (7.74) 107 (97,118)
SBP (mmHg) 11431 (14.971) 122.03 (15.59) 51 (40, 61)
DBP (mmHg) 7144 (10.47) 77.18(10.23) 55 (45, 66)
Fatty liver 2514 (16.67%) 223 (59.79%) 99 (89, 109)
Exercise habits 2655 (17.61%) 51 (13.67%) 1(1,21)
Drinking status 21(11,31)
Non/small 11,536 (76.50%) 266 (71.31%)
Light 1714 (11.37%) 40 (10.72%)
Moderate 1320 (8.75%) 37 (9.92%)
Heavy 510 (3.38%) 30 (8.04%)
Smoking status 45 (35, 55)

None 8882 (58.90%) 145 (38.87%)
Past 2872 (19.05%) 77 (20.64%)
Current 3326 (22.06%) 151 (40.48%)

Values were expressed as mean (SD) or median (interquartile range) or n (%).
Abbreviations: BMI: body mass index; ALT: alanine aminotransferase; AST:
aspartate aminotransferase; GGT: gamma-glutamyl transferase; HDL-C: high-
density lipoprotein cholesterol; TC: total cholesterol; TG: triglyceride; LDL-C: low
density lipoprotein cholesterol; HbAlc: hemoglobin Alc; FPG: fasting plasma
glucose; METS-IR: metabolic score for insulin resistance; SBP: systolic blood
pressure; DBP: diastolic blood pressure
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addition, to further assess the performance of METS-IR
in predicting future diabetes, we also compared it with
other established surrogates for IR in diabetes risk, such
as the TyG index.

R language statistical software (version 4.2.1) was used
for time-dependent ROC analysis and picture draw-
ing. Empower(R) software (version 2.20) was used for
all other statistical analyses. In all analyses, a P value less
than 0.05 was considered significant.

Results

Baseline characteristics of the study population

This study included 15,453 participants whose baseline
characteristics met the criteria. During a mean obser-
vation period of 6.13 years (Min-Max: 0.46-13.14), 373
participants developed diabetes. Overall, there were sig-
nificant differences in baseline characteristics between
those who would develop diabetes in the future and
those who would not (all standardized differences were
>10%). In terms of demographic data, participants who
had developed diabetes during the follow-up period were
generally older at baseline and more likely to be men
(76.68%); in terms of physical measurements, partici-
pants who had developed diabetes during the follow-up
period had relatively higher height, weight, and blood
pressure at baseline; in terms of lifestyle, participants
who had developed diabetes during the follow-up period
usually had a higher proportion of smoking (61.13%) and
drinking habits at baseline, while a lower proportion of
exercising habits; in terms of laboratory data, participants
who had developed diabetes during the follow-up period
had lower levels of baseline HDL-C and higher levels of
baseline ALT, AST, GGT, TC, TG, LDL-C, HbAlc, and
FPG than those without diabetes. Moreover, we also
found that participants with diabetes had significantly
higher baseline METS-IR than those without (Tables 1
and 38.58 vs. 30.98).

Association between METS-IR and diabetes

The association between METS-IR and diabetes was
explored in the total population and subgroup popula-
tions, respectively (Table 2). The results showed that
METS-IR was positively correlated with diabetes in the
total population, regardless of whether confounders
were adjusted for in the models (Crude model: HR=2.26,
95%CI=2.10-2.43; Mode 1: HR=1.76, 95%CIl=1.59—
1.94; Mode 2: HR=1.72, 95%CI=1.55-1.91; Mode 3:
HR=1.41, 95%CI=1.24-1.61). In addition, we further
assessed the association of METS-IR quartiles as categor-
ical variables with diabetes. The results showed that the
high METS-IR group presented a significantly higher risk
of developing diabetes in all models. In the final model,
subjects in the highest quartile of the METS-IR group
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Table 2 Cox regression analyses for the association between METS-IR and incident diabetes in different models grouped by sex, age

and BMI

Hazard ratios (95% confidence interval)

Crude Model Model 1 Model 2 Model 3 Interaction coefficient P for
inter-
action

METS-IR (Total) 226 (2.10,2.43) ** 1.76 (1.59, 1.94) ** 1.72(1.55,1.91) ** 1.47 (1.30, 1.68) **

METS-IR quartiles

Q1 Ref Ref Ref Ref

Q2 2.69 (1.46,4.95) 2.53(1.37,4.65) 2.54(1.38,4.67) 2.27(1.23,4.18)

Q3 499 (2.82,881) 3.57(2.00, 6.40) 3.50(1.96,6.27) 2.31(1.28,4.16)

Q4 15.52 (9.05, 26.60) 6.61(3.70,11.82) 6.18 (3.45,11.08) 3.15(1.71,5.77)

Sex -0.22 (-042,-0.02) 0.03
Women (per SD increase)  2.84 (242,333)**  1.97(1.59,245)**  193(1.55,240)** 162 (1.24,2.13)**

Men (per SD increase) 2.08(1.90, 2.28) ** 1.67 (1.49,1.87) ** 1.61(142,1.81)* 1.40 (1.20, 1.64) **

Age (years) 0.20(0.03,0.38) 0.02
>45 (per SD increase) 2.11(1.87,2.37) ** 1.65(1.42,1.92) ** 1.60 (1.38,1.87) ** 126 (1.04,1.51)*

<45 (per SD increase) 249 (2.26,2.75) ** 1.88(1.64,2.16) ** 1.83(1.58,2.12) ** 1.72(143,2.07) **

BMI (kg/m?) 0.01 (-0.23,0.26) 0.91

>25 (per SD increase)
<25 (per SD increase)

1.99 (1.73,2.29) **
262(2.21,3.11)**

1.64 (1.40, 1.93) **
1.98 (1.60, 2.45) **

1.61(1.37,1.91) **
1.92 (1.55,2.38) **

1.59(1.29, 1.95) **
1.33(1.01,1.76)*

For all Cox regression models in the current study, our data passed the assumptions of proportional hazards and multicollinearity

Abbreviations: METS-IR: metabolic score for insulin resistance; BMI: body mass index

Crude model adjusted for none

Model 1 adjusted for height, fatty liver, exercise habits, drinking status and smoking status

Model 2 adjusted for height, fatty liver, exercise habits, drinking status, smoking status, ALT, AST and GGT
Model 3 adjusted for height, fatty liver, exercise habits, drinking status, smoking status, ALT, AST, GGT, TC, TG, HbA1c and SBP

*represents p<0.05; **represents p<0.01

had a 215% increased risk of diabetes compared to the
lowest quartile group.

We further conducted stratified analyses according
to the pre-defined subgroups, and the results showed
that diabetes risk associated with METS-IR was higher
in women than in men (Model 3, HR: 1.62 vs. 1.40),
higher in the population younger than 45 years than in
those>45 years (Model 3, HR: 1.72 vs. 1.26), and higher
in the population with overweight/obesity than that in
the non-obese population (Model 3, HR: 1.59 vs. 1.33).
While in the subsequent interaction tests, we identified
significant differences in the association of METS-IR
with diabetes risk between the sex and age subgroups (P
for interaction<0.05), but not in the BMI subgroups (P
for interaction=0.78).

Predictive value of the baseline METS-IR for the onset of
future diabetes in different populations
The effectiveness of METS-IR in predicting the onset
of diabetes over the next 2—12 years was assessed using
time-dependent ROC curves. Tables 3, 4 and 5 show the
results of time-dependent ROC analysis in the sex, age,
and BMI subgroups, respectively, and the corresponding
AUC curves were shown in Fig. 2.

In the sex subgroups, we observed that METS-IR
was more accurate in predicting the future onset of

diabetes in women than in men, regardless of time varia-
tion [AUC: year-2: (women) 0.68>0.62 (men); year-3:
women) 0.70>0.67 (men); year-4: (women) 0.72>0.64
men); year-5: (women) 0.73>0.67 (men); year-6:
women) 0.76>0.68 (men); year-7: (women) 0.76>0.70
men); year-8: (women) 0.77>0.70 (men); year-9:
women) 0.76>0.70 (men); year-10: (women) 0.75>0.71
men); year-11: (women) 0.76>0.70 (men); year-12:
women) 0.76>0.67 (men)]. In addition, further analysis
revealed that the predictive accuracy of METS-IR tended
to increase in the short term (2—6 years) in women
(AUCs of 0.68,0.70,0.72,0.73,0.76 for year-2 to year-6,
respectively) and remained high in the medium to long
term (7—12 years).

In the age subgroups, we found that METS-IR was
more accurate in predicting the future onset of diabetes
in individuals aged <45 years compared to those aged >45
years, except in year-2 [AUC: year-3: (age=45) 0.67<0.76
(age<45); year-4: (age=45) 0.65<0.76 (age<45); year-
5: (age=45) 0.69<0.78 (age<45); year-6: (age=>45)
0.70<0.79 (age<45); vyear-7: (age=45) 0.71<0.81
(age<45); year-8: (age=45) 0.73<0.79 (age<45); year-
9: (age=45) 0.71<0.78 (age<45); year-10: (age=45)
0.71<0.79 (age<45); year-11: (age=45) 0.69<0.79
(age<45); year-12: (age=45) 0.66<0.79 (age<45)], and

P
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Table 3 Prediction threshold, sensitivity, specificity and areas under the time-dependent receiver operating characteristic curves for

METS-IR predicting future diabetes risk for women and men

Women
Prediction threshold Sensitivity Specificity

METS-IR

2-years 2858 0.71 0.63
3-years 29.31 0.64 0.68
4-years 2790 0.75 0.58
5-years 27.90 0.76 0.58
6-years 29.20 0.71 0.68
7-years 29.31 0.72 0.69
8-years 29.22 0.73 0.68
9-years 27.50 0.86 0.55
10-years 29.00 0.73 0.67
11-years 29.33 0.72 0.69
12-years 2933 0.71 0.70
TyG index

2-years 7.90 0.77 0.64
3-years 792 0.84 0.62
4-years 7.98 0.76 0.69
5-years 792 0.81 0.64
6-years 7.98 0.73 0.69
7-years 7.99 0.74 0.69
8-years 7.98 0.73 0.69
9-years 7.99 0.75 0.70
10-years 8.01 0.72 0.71
11-years 8.00 0.74 0.71
12-years 8.01 0.76 0.71

Men
AUC Prediction threshold Sensitivity Specificity AUC
0.68 36.94 0.52 0.72 0.62
0.70 36.94 0.60 0.72 0.67
0.72 36.74 0.54 0.71 0.64
0.73 37.02 0.55 0.73 0.67
0.76 37.39 0.52 0.74 0.68
0.76 36.74 0.61 0.72 0.70
0.77 36.74 0.60 0.72 0.70
0.76 36.83 0.58 0.72 0.70
0.75 3649 0.61 0.71 0.71
0.76 34.81 0.67 0.63 0.70
0.76 3742 0.50 0.76 0.67
0.64 8.77 047 0.79 0.62
0.71 851 0.60 0.66 0.64
0.72 851 0.60 0.66 0.64
0.73 849 0.61 0.65 0.65
0.73 8.26 0.75 0.50 0.65
0.73 849 0.63 0.65 0.67
0.73 849 0.63 0.65 0.67
0.74 850 0.60 0.66 0.66
0.73 825 0.75 0.50 0.65
0.74 8.25 0.73 0.50 0.65
0.76 850 0.56 0.67 0.64

Abbreviations: AUC: area under the curve; TyG: Triglyceride-Glucose; other abbreviations as in Table 1

still maintained high accuracy in the medium to long
term (AUCs for year-6 to year-12 were above 0.79).

Similarly, we also reported the findings in the BMI
subgroups; time-dependent ROC analysis showed that
in the short term (3-5 years), METS-IR was more accu-
rate in predicting the future onset of diabetes in popula-
tion with overweight/obesity[AUC: year-3: (BMI>25 kg/
m?) 0.67>0.64 (BMI<25 kg/m?); year-4: (BMI>25 kg/
m?) 0.67>0.64 (BMI<25 kg/m?); year-5: (BMI>25 kg/
m?) 0.66>0.65(BMI<25 kg/m?)], whereas in the medium
to long term, METS-IR had higher accuracy in predict-
ing the future onset of diabetes in non-obese population
[AUC: year-6: (BMI>25 kg/m?) 0.65<0.69 (BMI<25 kg/
m?); year-7: (BMI>25 kg/m?) 0.68<0.70 (BMI<25 kg/
m?); year-8: (BMI>25 kg/m?) 0.69<0.71 (BMI<25 kg/
m?); year-9: (BMI>25 kg/m?) 0.68<0.70 (BMI<25 kg/
m?); year-10: (BMI>25 kg/m?) 0.66<0.70 (BMI<25 kg/
m?); year-11: (BMI>25 kg/m?) 0.66<0.70 (BMI<25 kg/
m?); year-12: (BMI>25 kg/m?) 0.66<0.68 (BMI<25 kg/
m?)].

Threshold analysis of baseline METS-IR for predicting the
future onset of diabetes in different populations

Data on threshold values of METS-IR for predicting
the future onset of diabetes in the sex, age, and BMI

subgroups were also shown in Tables 3, 4 and 5, and
Fig. 3 describes the trend of METS-IR predictive thresh-
olds over time in different subgroups. As seen in Fig. 3,
the predictive thresholds of METS-IR for predicting
future diabetes were consistently higher in men than in
women regardless of time changes and were less fluc-
tuated in both sexes in different time points, suggest-
ing that the threshold values of METS-IR for predicting
future diabetes were relatively stable in both sexes and
METS-IR had good application value (range of predic-
tive thresholds: men: 34.81-37.42; women: 27.50-29.33).
In contrast, the difference in predictive thresholds of
METS-IR was not significant between the two age sub-
groups, but the fluctuations were relatively larger in the
group of age<45 years (range of predictive threshold:
age>45: 32.98-35.95; age<45: 31.46-38.06). Similar
trends were observed in the BMI subgroups as in the sex
subgroups, and as expected, the predictive thresholds
of METS-IR were greater in the population with over-
weight/obesity than in the non-obese population, and
were less fluctuated in both overweight/obesity and non-
obese populations at all time points (range of predictive
threshold: overweight/obesity: 38.42—-42.31; non-obese:
27.36-30.77).
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Table 4 Prediction threshold, sensitivity, specificity and areas under the time-dependent receiver operating characteristic curves for

METS-IR predicting future diabetes risk for age > 45 and <45 years

Age, years

=45 <45

Prediction threshold Sensitivity Specificity AUC Prediction threshold Sensitivity Specificity AUC
2-years 35.73 048 0.75 0.66 38.06 0.37 0.86 0.64
3-years 35.95 048 0.76 0.67 37.29 0.63 0.84 0.76
4-years 35.70 045 0.75 0.65 36.15 0.63 0.81 0.76
5-years 3391 0.59 0.67 0.69 36.15 0.62 0.81 0.78
6-years 33.78 0.63 0.67 0.70 31.67 0.81 0.62 0.79
7-years 3391 0.65 0.68 0.71 3557 0.69 0.79 0.81
8-years 3346 0.69 0.66 0.73 3146 0.85 0.62 0.79
9-years 34.45 0.60 0.71 0.71 31.67 0.81 0.63 0.78
10-years 32.98 0.68 0.63 0.71 31.66 0.84 0.63 0.79
11-years 32.98 0.65 0.63 0.69 31.67 0.84 0.63 0.79
12-years 33.36 0.57 0.65 0.66 31.75 0.84 0.64 0.79
TyG index
2-years 847 0.54 0.70 0.63 8.67 045 0.86 0.63
3-years 847 0.52 0.70 0.64 8.30 0.69 0.73 0.75
4-years 849 0.50 0.72 0.63 8.20 0.74 0.68 0.73
5-years 845 0.57 0.69 0.66 8.17 0.72 0.66 0.72
6-years 823 0.71 0.56 0.66 8.27 0.71 071 073
7-years 8.23 0.70 0.56 0.67 822 0.75 0.69 0.76
8-years 823 0.73 0.56 0.69 8.24 0.6% 0.70 0.73
9-years 8.18 0.74 053 0.67 827 0.69 0.72 0.74
10-years 8.18 0.76 0.53 0.68 823 0.69 0.70 0.73
11-years 820 0.71 0.54 0.67 8.20 0.71 0.69 0.73
12-years 8.20 0.70 0.55 0.65 821 0.71 0.69 0.74

Abbreviations: AUC: area under the curve; TyG: Triglyceride-Glucose; other abbreviations as in Table 1

Comparison of predictive value between METS-IR and TyG
index

The results of time-dependent ROC analysis comparing
METS-IR with TyG for predicting future diabetes were
presented in Tables 3, 4 and 5. The results showed that
the AUC values for the prediction of future diabetes by
METS-IR were higher at the vast majority of time points
compared to the TyG index, demonstrating relatively bet-
ter predictive performance.

Discussion

In this current retrospective cohort study, we further
validated previous findings showing that METS-IR was
significantly associated with diabetes risk. After adjusting
for confounders that may have influenced the results, the
results of the stratified analysis showed that the positive
association between METS-IR and diabetes was stronger
in women than in men and in population <45 years of age
than in population>45 years of age (P-interaction <0.05),
while no significant differences were observed between
non-obese population and population with overweight/
obesity (P-interaction=0.78). In addition, as the main
analysis results, the time-dependent ROC analysis
showed that: (1) METS-IR was more accurate in predict-
ing the future onset of diabetes in women than in men,

and remained more accurate in the medium to long term;
(2) at almost all time points, METS-IR was more accurate
in predicting the future onset of diabetes in people aged
less than 45 years than in those aged 245 years; (3) in the
short term (3-5 years), METS-IR was more accurate in
predicting new diabetes events in the population with
overweight/obesity, while in the medium to long term
(6-12 years), METS-IR was more accurate in the non-
obese population.

In recent years, METS-IR has gained much attention
as an emerging alternative index of IR. Compared with
methods such as EHC, insulin homeostasis model, and
quantitative insulin sensitivity check index, METS-IR is
more convenient to be obtained and can be calculated
using some routine laboratory biochemical indicators,
which seems more suitable for a wide range of health
screening. METS-IR was developed in 2018 by Bello-
Chavolla OY et al. They verified in three cohorts that
METS-IR has a good correlation with IR by fat-free mass;
furthermore, they assessed the relationship between
METS-IR and diabetes risk and showed that diabetes
risk increased with the increase of METS-IR percen-
tile [13]. Specifically, participants in the highest quartile
group had a 291% increased risk of diabetes compared
to participants in the lowest METS-IR quartile group.
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Table 5 Prediction threshold, sensitivity, specificity and areas under the time-dependent receiver operating characteristic curves for

METS-IR predicting future diabetes risk for BMI> 25 and < 25 kg/m?

BMI, kg/m?

225 <25

Prediction threshold Sensitivity Specificity AUC Prediction threshold Sensitivity Specificity AUC
2-years 3842 0.86 0.32 0.61 27.36 0.85 0.38 0.62
3-years 40.22 0.83 0.48 0.67 27.38 0.89 0.39 0.64
4-years 40.55 0.77 0.52 0.67 27.38 0.87 0.39 0.64
5-years 4231 0.60 0.67 0.66 2747 0.87 0.39 0.65
6-years 41.54 0.64 0.61 0.65 27.80 0.87 042 0.69
7-years 42.15 0.64 0.66 0.68 28.63 0.80 0.49 0.70
8-years 42.25 0.63 0.68 0.69 3067 0.67 0.64 0.71
9-years 42.26 0.60 0.68 0.68 30.67 0.66 0.64 0.70
10-years 42.25 0.55 0.68 0.66 30.77 0.67 0.65 0.70
11-years 42.07 0.57 0.67 0.66 30.19 0.71 061 0.70
TyG index
2-years 8.77 0.67 0.68 0.69 761 0.87 030 0.60
3-years 873 0.58 0.66 0.66 845 0.38 0.80 0.62
64-years 873 0.59 0.66 0.64 8.24 0.51 0.70 0.64
5-years 8.74 049 0.67 0.60 842 045 0.79 0.65
6-years 824 0.84 0.33 0.60 8.29 0.56 0.72 0.67
7-years 874 051 0.68 0.63 824 0.58 0.70 0.68
8-years 832 0.80 039 0.63 8.00 0.71 0.55 0.67
9-years 832 0.82 0.39 0.64 797 0.73 0.54 0.67
10-years 832 0.81 040 0.63 8.06 0.70 0.60 0.68
11-years 832 0.79 0.40 0.61 7.98 0.76 0.55 0.68
12-years 8.76 0.51 0.70 0.64 8.17 0.61 0.67 0.67

Abbreviations: AUC: area under the curve; TyG: Triglyceride-Glucose; other abbreviations as in Table 1

Subsequently, similar evidence of positive association
was provided in two cross-sectional studies completed in
China [14, 17] and validated in further longitudinal stud-
ies: In a 6-year longitudinal follow-up period of 12,107
rural Chinese people, each SD increase in METS-IR was
strongly associated with an 82% increase in diabetes risk
[16]. In the current study, we conducted some longitu-
dinal analyzes based on the Japanese physical examina-
tion population cohort. We found that elevated METS-IR
was associated with an increased risk of diabetes in the
Japanese population; After adjusting for potential con-
founders, there was a 47% increase in the risk of future
diabetes per SD increase in the METS-IR; compared to
the lowest quartile group, subjects in the highest quartile
group of the METS-IR had a 215% increased risk of dia-
betes. To summarize, the data on the association between
METS-IR and future diabetes in the current study are
consistent with those reported in previous studies, both
as categorical and continuous variables [13, 14, 16, 17].
In the present study, we further performed stratified
analyses for pre-defined age, sex, and BMI subgroups,
and after adjusting for multiple confounders, we found
that METS-IR was an independent risk factor for the
onset of diabetes in all subpopulations. This was consis-
tent with the findings of a previously conducted study of
a non-obese population defined by their BMI and WC

(BMI<25 kg/m2 and WC<90 cm in men or WC<80 cm
in women) [15]. In short, the vast majority of studies sup-
ported the association of METS-IR with the risk of type
2 diabetes, and the results of our study, which used data
from a large cohort study with a general population and
a long follow-up period, provided new evidence for the
previous findings. These findings underscored the con-
cept that METS-IR is a valid alternative to IR for assess-
ing diabetes risk in the general population.

The predictive value of METS-IR for future diabetes
was previously reported only in a study by Cai XT et al.
[15], who specifically assessed the predictive value of
METS-IR for future new-onset diabetes in a non-obese
population. Given that the current understanding of the
predictive value of METS-IR for diabetes is based only on
the non-obese population, we further performed a pre-
dictive value analysis in different subgroups of the general
population, and the results were as expected, supporting
the feasibility and validity of METS-IR for future diabetes
prediction. In the current study, we evaluated the predic-
tive value of METS-IR for the onset of diabetes over the
next 2—12 years using time-dependent ROC in pre-spec-
ified subgroups of sex, age, and BMI. Overall, METS-IR
had good predictive power for the future onset of diabe-
tes in different populations. By sex subgroups, METS-IR
was more accurate in predicting diabetes events in the
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women population and remained stable over a longer
period of time (AUC remained around 0.76). In terms of
age subgroups, METS-IR was more accurate in predict-
ing diabetes events in people younger than 45 years of
age and remained more accurate in the next 7-12 years
(AUC remained around 0.79). In contrast, there were
temporal differences in the predictive value of METS-IR
in BMI subgroups, with higher predictive accuracy for
the development of diabetes in the population with over-
weight/obesity in the short term, while higher in the non-
obese population in the medium-to long-term. It should
be noted that in the age subgroups of the current study,
the incidence of diabetes in people older than 45 years
(2.78/1000 person-years) is actually higher than that of
people younger than 45 years (1.39/1000 person-years);
however, in terms of diabetes prediction, the METS-IR
demonstrated significantly higher predictive accuracy
for individuals younger than 45 years old than for those
older than 45 years old. Regarding the differences in the
results of the above subgroups, we have the following
considerations: (1) It is well known that there are signifi-
cant differences in body composition between males and
females; in general, males have a relatively higher lean
body mass while females have a relatively higher fat mass
[32]. It should be pointed out that high lean body mass
is an important protective factor for diabetes [33], while
high-fat mass is a risk factor for diabetes [34]. In fact, the
METS-IR formula includes BMI, and typically males have
higher lean body mass and females have higher fat mass
at the same BMI level. Therefore, compared to males,
the same METS-IR level may indicate a higher risk of
developing diabetes in females, thereby demonstrating
greater accuracy in predicting diabetes. In addition, it is
important to note that females are generally less physi-
cally active than males [35], and physical activity can help
reduce the risk of diabetes [36]. (2) For age subgroup
differences, we consider the following factors: It is well-
known that increasing age is an important non-mod-
ifiable risk factor in the development of diabetes [37].
Studies have shown that with aging, insulin secretion
and insulin sensitivity well decline, and impaired glucose
metabolism may lead to an increased incidence of diabe-
tes [38, 39]. Additionally, older participants may already
have a certain degree of IR, with compensatory increased
pancreatic beta-cell function [40], which could reduce
the sensitivity of METS-IR in reflecting their IR. On the
other hand, age is an important factor affecting lipid
metabolism, and there is evidence that HDL-C decreases
gradually with aging [41]. Therefore, aging may lead to
an increase in fasting blood glucose and a decrease in
HDL-C levels, both of which are important components
of METS-IR, potentially reducing its accuracy in predict-
ing diabetes. Lastly, age, as an independent risk factor
for diabetes, may lead to diabetes development through
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pathways other than IR in some patients, which could
lower the predictive accuracy of METS-IR for diabetes in
this subset of patients. (3) For the differences observed in
BMI subgroups we considered that they might be related
to the following: As is well known, obesity is a disorder
of energy balance leading to fat accumulation, primarily
characterized by early abnormalities in glycolipid metab-
olism [42], and METS-IR contains a variety of indicators
related to glycolipid metabolism, which better reflects
the resulting IR. However, with prolonged exposure to
obesity, insulin resistance is no longer induced solely
through the glycolipid metabolism pathway; Studies have
shown that a significant increase in metabolites, such as
branched-chain amino acids, is an important factor con-
tributing to IR in obese compared to non-obese popula-
tions [43, 44]. Therefore, the accuracy of MEST-IR in
estimating IR may decrease when exposed to obesity for
a longer period of time, resulting in decreased accuracy
in predicting new-onset diabetes in obese individuals in
the medium and long term. In addition, over a longer
follow-up period, a proportion of obese individuals may
lose weight through various methods, potentially trans-
forming previously obese, high-risk individuals into lean,
low-risk individuals. This could ultimately lead to mis-
classification of future diabetes by the baseline METS-IR,
thereby decreasing predictive accuracy.

No previous studies have reported on the predictive
threshold of METS-IR for predicting future diabetes. In
the present study, we analyzed the trends over time in
the predictive thresholds of METS-IR used to predict
future diabetes. In terms of the magnitude of the predic-
tion thresholds, the thresholds of METS-IR for predict-
ing future diabetes were slightly higher in men than in
women, and slightly higher in people with overweight/
obesity than in non-obese people, while the difference of
the threshold values among people younger than 45 years
old and those aged >45 years was not significant; in terms
of predictive threshold fluctuation intervals, METS-IR
prediction thresholds fluctuated relatively little for both
men and women, for both the non-obese population and
the population with overweight/obesity and for those
aged >45 years.

The results of the current study may provide some ref-
erence for the prevention of diabetes in the population,
clinical decision-making by physicians, and the develop-
ment of relevant government policies. Currently, diabetes
prevention programs, as a fundamental policy for pro-
tecting public health, have obtained certain achievements
in various countries [45-47]. However, it should be noted
that the rate of mass participation in ongoing prevention
programs is still low, and one of the possible reasons for
this is lack of awareness of the risks and financial pres-
sures [45]. China is one of the countries with the largest
number of diabetes patients worldwide, and over the past
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few decades, the prevalence of diabetes has risen sharply
[48, 49]. Similar to other countries, in response to the
rapidly growing burden of diabetes, the Chinese govern-
ment has swiftly implemented a number of public health
policies, including increasing government investment in
primary healthcare, adjusting medical reimbursement
policies, initiating the national family doctor program,
and leading the establishment of “medical alliances”
within counties [50-52]. Indeed, these favorable policy
changes have been effectively improving access to bet-
ter medical care for the general public in recent years. At
the same time, they have also contributed to an increased
awareness among the general population regarding dia-
betes and other chronic diseases [48]. However, it is
important to note that in some remote or rural areas, due
to insufficient medical resources, a shortage of healthcare
workers, as well as transportation, economic constraints
and time conflicts, people still face challenges in terms of
awareness, prevention, and treatment of diabetes [48, 53,
54]. Therefore, identifying a precise, easily measurable,
and durable IR surrogate parameter (METS-IR) that suits
different populations becomes of great practical signifi-
cance. This can potentially reduce the economic burden
on the population and decrease the healthcare expendi-
ture and resource allocation for diabetes prevention at
the national level.

Strengths and limitations

The present study has several advantages: First, the par-
ticipants of the current study is from a medical screening
center more in line with the general population setting
relative to the diseased population and is more widely
applicable. In addition, the current study has a large
sample size and a long follow-up period, and the research
evidence can be considered relatively reliable. Second,
we included a time factor in the ROC analysis to assess
METS-IR prediction of the onset of diabetes at different
time points rather than at a fixed time in order to com-
pare longitudinally the temporal differences in METS-IR
used to predict future diabetes.

There are, of course, some limitations to our study:
First, the retrospective study design, based on single-
center data, may introduce some unavoidable selection
bias, although on the other hand, single-center data
are better at maintaining the homogeneity of the study
population, which strengthens the validity of the results
[55]. Second, due to the inherent limitations of the data
source, we only assessed the predictive power of baseline
METS-IR for future diabetes, whereas changes in various
factors, including METS-IR, may alter the association of
METS-IR with diabetes over a longer follow-up period
[2, 56, 57], and such dynamic changes should be further
evaluated in the future. Third, the diagnosis of diabe-
tes was determined based on FPG and HbAlc, and the
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absence of testing for 2-h postprandial glucose may have
underestimated the prevalence of diabetes [58, 59], how-
ever, our results in data that may be lower than the actual
prevalence population may better justify the robustness
of the findings of this study. Fourth, the current assess-
ment of the predictive power of METS-IR was based on
the general Japanese population, and further validation
in other ethnic populations is needed in the future. Fifth,
we excluded a portion of subjects (4.17%) due to missing
data, which may have resulted in partial selection bias.
Fifth, the current study is based on a secondary analy-
sis of public data. Since information on the prevalence
of nutritional state was not provided in the original data
set, the potential impact of nutritional state on the study
results cannot be further assessed in the current research.
Finally, the types of diabetes were not distinguished in
the current study; however, according to a large number
of published research evidence, the results of this study
were more applicable to type 2 diabetes, because patients
with type 2 diabetes account for more than 95% of all dia-
betic patients [60, 61].

Conclusions

In conclusion, our study showed that METS-IR was posi-
tively associated with diabetes risk in the general popula-
tion, and METS-IR was effective in predicting the future
onset of diabetes in different populations at different
times points, with a high predictive value especially for
women and those aged less than 45 years. As a new risk
screening and prediction tool, the METS-IR index can
provide patients, physicians, and healthcare policymak-
ers with better-informed decisions.

Abbreviations

METS-IR  Metabolic insulin resistance score

IR Insulin resistance

WHO World Health Organization

EHC Euglycemic-hyperinsulinemic clamp
ALT Alanine aminotransferase

AST Aspartate aminotransferase

GGT Gamma-glutamyl transferase

HDL-C High-density lipoprotein cholesterol
TC Total cholesterol

TG Triglyceride

LDL-C Low-density lipoprotein cholesterol

HbA1c Glycated hemoglobin A1c

FPG Fasting plasma glucose

ROC Receiver operating characteristic
HR Hazard ratio

a Confidence interval

AUC Area under the curves

Supplementary Information
The online version contains supplementary material available at https://doi.or
g/10.1186/512902-024-01769-0.

Supplementary Material 1

Supplementary Material 2



https://doi.org/10.1186/s12902-024-01769-0
https://doi.org/10.1186/s12902-024-01769-0

Qiu et al. BMC Endocrine Disorders (2024) 24:238

[ Supplementary Material 3 ]

Acknowledgements
Thanks to Professor Okamura and his team for contributing available research
data.

Author contributions

YZ and GT-S: conceptualization. JJ-Q and GT-S: writing-original draft
preparation. YZ, SM-H, CH-Y, RJ-Y, MB-K and YZ: writing-reviewing and
editing. YZ, MB-K, JJ-Q and GT-S: formal analysis and validation. GT-S and YZ:
data curation and validation. YZ and GT-S: Supervision. All authors read and
approved the final manuscript.

Funding
This work was supported by Natural Science Foundation of Jiangxi Province
[No. 20232BAB216004 to YZ].

Data availability
The data used in this study have been uploaded to the “Dryad” database
(https://datadryad.org/stash/dataset/doi:10.5061/dryad.8q0p192).

Declarations

Ethics approval and consent to participate

The analysis of the data of all subjects in the current study complied with the
Declaration of Helsinki, See STROBE statement (S1 Text), and was approved by
the Ethics Committee of Jiangxi Provincial People’s Hospital (IRB2021-066).

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details

'Jiangxi Medical College, Nanchang University, Nanchang, Jiangxi
Province, China

2Jiangxi Cardiovascular Research Institute, Jiangxi Provincial People’s
Hospital, The First Affiliated Hospital of Nanchang Medical College,
Nanchang 330006, Jiangxi Provincial, China

*Department of Endocrinology, Jiangxi Provincial People’s Hospital, The
First Affiliated Hospital of Nanchang Medical College, Nanchang 330006,
Jiangxi Provincial, China

“Jiangxi Provincial Geriatric Hospital, Jiangxi Provincial People’s Hospital,
The First Affiliated Hospital of Nanchang Medical College,

Nanchang 330006, Jiangxi Provincial, China

Received: 16 April 2024 / Accepted: 29 October 2024
Published online: 07 November 2024

References

1. SunH, Saeedi P, Karuranga S, Pinkepank M, Ogurtsova K, Duncan BB, et al.
IDF Diabetes Atlas: Global, regional and country-level diabetes preva-
lence estimates for 2021 and projections for 2045. Diabetes Res Clin Pract.
2022;183:109119. https://doi.org/10.1016/j.diabres.2021.109119.

2. Harding JL, Pavkov ME, Magliano DJ, Shaw JE, Gregg EW. Global trends
in diabetes complications: a review of current evidence. Diabetologia.
2019;62:3-16. https://doi.org/10.1007/500125-018-4711-2.

3. Ley SH, Hamdy O, Mohan V, Hu FB. Prevention and management of
type 2 diabetes: dietary components and nutritional strategies. Lancet.
2014;383:1999-2007. https://doi.org/10.1016/S0140-6736(14)60613-9.

4. Knowler WC, Barrett-Connor E, Fowler SE, Hamman RF, Lachin JM, Walker EA,
et al. Reduction in the incidence of type 2 diabetes with lifestyle intervention
or metformin. N Engl J Med. 2002;346:393-403. https://doi.org/10.1056/NEJM
0a012512.

5. Golubnitschaja O, Costigliola V, EPMA. General Report & recommendations
in predictive, preventive and personalised medicine 2012: white paper of the

20.

21.

22.

23.

24.

25.

Page 14 of 15

European Association for Predictive, Preventive and Personalised Medicine.
EPMA J. 2012;3:14. https://doi.org/10.1186/1878-5085-3-14.

Kahn SE. The relative contributions of insulin resistance and beta-cell
dysfunction to the pathophysiology of type 2 diabetes. Diabetologia.
2003;46:3-19. https://doi.org/10.1007/500125-002-1009-0.

Czech MP. Insulin action and resistance in obesity and type 2 diabetes. Nat
Med. 2017;23:804-14. https://doi.org/10.1038/nm.4350.

Johnson AM, Olefsky JM. The origins and drivers of insulin resistance. Cell.
2013; 152:673 - 84. https://doi.org/10.1016/j.cell.2013.01.041

DeFronzo RA, Tobin JD, Andres R. Glucose clamp technique: a method for
quantifying insulin secretion and resistance. Am J Physiol. 1979;237:E214-23.
https://doi.org/10.1152/ajpendo.1979.237.3.E214.

Borai A, Livingstone C, Ferns GA. The biochemical assessment of insulin
resistance. Ann Clin Biochem. 2007;44:324-42. https://doi.org/10.1258/00045
6307780945778.

Rabasa-Lhoret R, Laville M. Mesurer l'insulinosensibilité en pratique clinique
[How to measure insulin sensitivity in clinical practice?]. Diabetes Metab.
2001;27:201-8. French.

Wallace TM, Levy JC, Matthews DR. Use and abuse of HOMA modeling.
Diabetes Care. 2004;27:1487-95. https://doi.org/10.2337/diacare.27.6.1487.
Bello-Chavolla OY, Aimeda-Valdes P, Gomez-Velasco D, Viveros-Ruiz T, Cruz-
Bautista |, Romo-Romo A, et al. METS-IR, a novel score to evaluate insulin
sensitivity, is predictive of visceral adiposity and incident type 2 diabetes. Eur
JEndocrinol. 2018;178:533-44. https://doi.org/10.1530/EJE-17-0883.

Cheng H,Yu X, LiYT, Jia Z, Wang JJ, Xie YJ, et al. Association between METS-
IR and prediabetes or type 2 diabetes Mellitus among Elderly subjects in
China: a large-Scale Population-based study. Int J Environ Res Public Health.
2023;20:1053. https://doi.org/10.3390/ijerph20021053.

Cai XT, Zhu Q Liu SS,Wang MR, Wu T, Hong J, et al. Associations between the
metabolic score for insulin resistance index and the risk of type 2 diabetes
Mellitus among non-obese adults: insights from a Population-based Cohort
Study. Int J Gen Med. 2021;14:7729-40. https://doi.org/10.2147/1JGM.S33699
0.

Zhang M, Liu D, Qin P, Liu Y, Sun X, Li H, et al. Association of metabolic score
for insulin resistance and its 6-year change with incident type 2 diabetes mel-
litus. J Diabetes. 2021;13:725-34. https://doi.org/10.1111/1753-0407.13161.
Li X, Xue Y, Dang Y, Liu W, Wang Q, Zhao Y, et al. Association of Non-insulin-
based Insulin Resistance Indices with risk of Incident Prediabetes and
Diabetes in a Chinese Rural Population: a 12-Year prospective study. Diabetes
Metab Syndr Obes. 2022;12:15:3809-19. https://doi.org/10.2147/DMSQ.53859
06.

OkamuraT, et al. Data from: ectopic fat obesity presents the greatest risk for
incident type 2 diabetes: a population-based longitudinal study. Dataset:
Dryad; 2019. https://doi.org/10.5061/dryad.8q0p192.

Okamura T, Hashimoto Y, Hamaguchi M, Obora A, Kojima T, Fukui M.

Ectopic fat obesity presents the greatest risk for incident type 2 diabetes: a
population-based longitudinal study. Int J Obes (Lond). 2019;43:139-48. http
s://doi.org/10.1038/541366-018-0076-3.

Hamaguchi M, Kojima T, Itoh Y, Harano Y, Fujii K, Nakajima T, et al. The severity
of ultrasonographic findings in nonalcoholic fatty liver disease reflects the
metabolic syndrome and visceral fat accumulation. Am J Gastroenterol Am J
Gastroenterol. 2007;102:2708-15. https://doi.org/10.1111/j.1572-0241.2007.0
1526.x.

Ryu S, Chang Y, Kim DI, Kim WS, Suh BS. Gamma-glutamyltransferase as a pre-
dictor of chronic kidney disease in nonhypertensive and nondiabetic Korean
men. Clin Chem. 2007;53:71-7. https://doi.org/10.1373/clinchem.2006.07898
0.

Hashimoto Y, Hamaguchi M, Kojima T, Ohshima Y, Ohbora A, Kato T, et al.
Modest alcohol consumption reduces the incidence of fatty liver in men:

a population-based large-scale cohort study. J Gastroenterol Hepatol.
2015;30:546-52. https://doi.org/10.1111/jgh.12786.

American Diabetes Association. Standards of medical care in diabetes-2011.
Diabetes Care. 2011;34(Suppl 1):S11-61. https://doi.org/10.2337/dc11-S011.
World Health Day. 2012 focuses on ageing and health. East Mediterr Health J.
2012; 18:303. Arabic, English.

WHO Expert Consultation. Appropriate body-mass index for Asian popula-
tions and its implications for policy and intervention strategies. Lancet.
2004;363:157-63. https://doi.org/10.1016/50140-6736(03)15268-3.

Muanda FT, Weir MA, Bathini L, Blake PG, Chauvin K, Dixon SN, et al. Associa-
tion of Baclofen with Encephalopathy in patients with chronic kidney disease.
JAMA. 2019;322:1987-95. https://doi.org/10.1001/jama.2019.17725.


https://doi.org/10.1016/j.diabres.2021.109119
https://doi.org/10.1007/s00125-018-4711-2
https://doi.org/10.1016/S0140-6736(14)60613-9
https://doi.org/10.1056/NEJMoa012512
https://doi.org/10.1056/NEJMoa012512
https://doi.org/10.1186/1878-5085-3-14
https://doi.org/10.1007/s00125-002-1009-0
https://doi.org/10.1038/nm.4350
https://doi.org/10.1016/j.cell.2013.01.041
https://doi.org/10.1152/ajpendo.1979.237.3.E214
https://doi.org/10.1258/000456307780945778
https://doi.org/10.1258/000456307780945778
https://doi.org/10.2337/diacare.27.6.1487
https://doi.org/10.1530/EJE-17-0883
https://doi.org/10.3390/ijerph20021053
https://doi.org/10.2147/IJGM.S336990
https://doi.org/10.2147/IJGM.S336990
https://doi.org/10.1111/1753-0407.13161
https://doi.org/10.2147/DMSO.S385906
https://doi.org/10.2147/DMSO.S385906
https://doi.org/10.5061/dryad.8q0p192
https://doi.org/10.1038/s41366-018-0076-3
https://doi.org/10.1038/s41366-018-0076-3
https://doi.org/10.1111/j.1572-0241.2007.01526.x
https://doi.org/10.1111/j.1572-0241.2007.01526.x
https://doi.org/10.1373/clinchem.2006.078980
https://doi.org/10.1373/clinchem.2006.078980
https://doi.org/10.1111/jgh.12786
https://doi.org/10.2337/dc11-S011
https://doi.org/10.1016/S0140-6736(03)15268-3
https://doi.org/10.1001/jama.2019.17725

Qiu et al. BMC Endocrine Disorders

27.

28.

29.

30.

32.

33.

34.

35.

36.

37.

38.
39.
40.

41.

42.

43.

44,

45.

(2024) 24:238

Sato T, Matsuyama Y. Marginal structural models as a tool for standardization.
Epidemiology. 2003;14:680-6. https://doi.org/10.1097/01.EDE.0000081989.82
616.7d.

WeiWQ, Chen ZF, He YT, Feng H, Hou J, Lin DM, et al. Long-Term Follow-Up
of a Community Assignment, One-Time Endoscopic Screening Study of
Esophageal Cancer in China. J Clin Oncol. 2015;;33:1951-7. doi: https://doi.or
9/10.1200/JC0O.2014.58.0423.

Kim JH. Multicollinearity and misleading statistical results. Korean J Anesthe-
siol. 2019,72:558-69. https://doi.org/10.4097/kja.19087.

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;16:202-13. https://doi.or
9/10.1016/51473-3099(16)30082-2.

Cairat M, Rinaldi S, Navionis AS, Romieu |, Biessy C, Viallon V, et al. Circulating
inflammatory biomarkers, adipokines and breast cancer risk-a case-control
study nested within the EPIC cohort. BMC Med. 2022;20:118. https://doi.org/1
0.1186/512916-022-02319-y.

Bredella MA. Sex Differences in Body Composition. Adv Exp Med Biol.
2017;1043:9-27. https://doi.org/10.1007/978-3-319-70178-3_2. PMID:
29224088.

Yeung CHC, Au Yeung SL, Fong SSM, Schooling CM. Lean mass, grip strength
and risk of type 2 diabetes: a bi-directional mendelian randomisation study.
Diabetologia. 2019;62(5):789-99. https://doi.org/10.1007/500125-019-4826-0.
Epub 2019 Feb 23. PMID: 30798333.

Stefan N. Causes, consequences, and treatment of metabolically unhealthy
fat distribution. Lancet Diabetes Endocrinol. 2020;8(7):616-627. https://doi.or
9/10.1016/52213-8587(20)30110-8. PMID: 32559477.

Kautzky-Willer A, Leutner M, Abrahamian H, Frihwald L, Hoppichler F,
Lechleitner M, Harreiter J. Geschlechtsspezifische Aspekte Bei Pradiabe-

tes Und Diabetes mellitus — klinische Empfehlungen (Update 2023) [Sex

and gender-specific aspects in prediabetes and diabetes mellitus-clinical
recommendations (update 2023)]. Wien Klin Wochenschr. 2023;135(Suppl
1):275-85. https://doi.org/10.1007/500508-023-02185-5. German. doi..

Aune D, Norat T, Leitzmann M, Tonstad S, Vatten LJ. Physical activity and the
risk of type 2 diabetes: a systematic review and dose-response meta-analysis.
Eur J Epidemiol. 2015;30(7):529-42. https://doi.org/10.1007/510654-015-005
6-.

Unnikrishnan R, Pradeepa R, Joshi SR, Mohan V. Type 2 diabetes: demystifying
the global epidemic. Diabetes. 2017;66:1432-42. https://doi.org/10.2337/db1
6-0766.

Kalra S, Sharma SK. Diabetes in the Elderly. Diabetes Ther. 2018;9:493-500.
https://doi.org/10.1007/513300-018-0380-x.

Chentli F, Azzoug S, Mahgoun S. Diabetes mellitus in elderly. Indian J Endocri-
nol Metab. 2015;19:744-52. https://doi.org/10.4103/2230-8210.167553.
Prentki M, Nolan CJ. Islet beta cell failure in type 2 diabetes. J Clin Invest.
2006;116:1802-12. https://doi.org/10.1172/JCI29103.

Cho KH, Park HJ, Kim SJ, Kim JR. Decrease in HDL-C is Associated with Age
and Household Income in adults from the Korean National Health and Nutri-
tion Examination Survey 2017: correlation analysis of low HDL-C and poverty.
Int J Environ Res Public Health. 2019;16:3329. https://doi.org/10.3390/ijerph1
6183329.

Hofbauer KG. Molecular pathways to obesity. Int J Obes Relat Metab Disord.
2002;26 Suppl 2:518-27. https://doi.org/10.1038/5}.j0.0802124. PMID:
12174325.

Newgard CB, An J, Bain JR, Muehlbauer MJ, Stevens RD, Lien LF, Hagg AM,
Shah SH, Arlotto M, Slentz CA, Rochon J, Gallup D, Ilkayeva O, Wenner BR,
Yancy WS Jr, Eisenson H, Musante G, Surwit RS, Millington DS, Butler MD,
Svetkey LP. A branched-chain amino acid-related metabolic signature that
differentiates obese and lean humans and contributes to insulin resistance.
Cell Metab. 2009;9(4):311 - 26. doi: 10.1016/j.cmet.2009.02.002. Erratum in:
Cell Metab. 2009,9(6):565-6. PMID: 19356713; PMCID: PMC3640280.

Xie G, Ma X, Zhao A, Wang C, Zhang Y, Nieman D, Nicholson JK, JiaW, BaoY,
Jia W.The metabolite profiles of the obese population are gender-depen-

dent. J Proteome Res. 2014;13(9):4062-73. https://doi.org/10.1021/pr500434s.

Ely EK, Gruss SM, Luman ET, Gregg EW, Ali MK, Nhim K, et al. A National Effort
to prevent type 2 diabetes: Participant-Level Evaluation of CDC's National

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

Page 15 of 15

Diabetes Prevention Program. Diabetes Care. 2017;40:1331-41. https://doi.or
9/10.2337/dc16-2099.

Ali MK, McKeever Bullard K, Imperatore G, Benoit SR, Rolka DB, Albright AL,

et al. Reach and Use of Diabetes Prevention Services in the United States,
2016-2017. JAMA Netw Open. 2019;2:¢193160.

Valabhji J, Barron E, Bradley D, Bakhai C, Fagg J, O'Neill S, et al. Early outcomes
from the English National Health Service Diabetes Prevention Programme.
Diabetes Care. 2020;43:152-60. https://doi.org/10.2337/dc19-1425.

LiY,Teng D, Shi X, Qin G, Qin Y, Quan H et al. Prevalence of diabetes recorded
in mainland China using 2018 diagnostic criteria from the American Diabetes
Association: national cross sectional study. BMJ 2020369:m997. https://doi.or
9/10.1136/bmj.m997

Saeedi P, Petersohn |, 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. https://doi.org/10.1016
/jdiabres.2019.107843.

State. Council of the People’s Republic of China Opinions on deepening the
health care reform, 2009. Available: http://www.gov.cn/jrzg/2009-04/06/cont
ent_1278721.htm

State Council of the People’s Republic of China Opinions on establishment of
a general practitioner led primary-care. 2011. Available: http://www.gov.cn/z
wgk/2011-07/07/content_1901099.htm

State Council of the People’s Republic of China Opinions on promoting the
construction and development of medical Consortium. 2017. Available:
http://www.gov.cn/zhengce/content/2017-04/26/content_5189071.htm
Wang Y, Hu XJ, Wang HHX, Duan HY, Chen Y, Li YT, et al. Follow-up care deliv-
ery in community-based hypertension and type 2 diabetes management: a
multi-centre, survey study among rural primary care physicians in China. BMC
Fam Pract. 2021;22:224. https://doi.org/10.1186/512875-021-01564-z.

Ward ZD, Morgan ZJ, Peterson LE. Family Physician Burnout does not Differ
with Rurality. J Rural Health. 2021;37:755-61. https//doi.org/10.1111/jrh.1251
5.

Peila C, Spada E, Giuliani F, Maiocco G, Raia M, Cresi F et al. Extrauterine
Growth Restriction: definitions and predictability of outcomes in a cohort of
very low Birth Weight infants or Preterm neonates nutrients. 2020; 12:1224.
https://doi.org/10.3390/nu12051224

Delahanty LM, Pan Q, Jablonski KA, Aroda VR, Watson KE, Bray GA, et al. Effects
of weight loss, weight cycling, and weight loss maintenance on diabetes
incidence and change in cardiometabolic traits in the diabetes. Prev Program
Diabetes Care. 2014;37:2738-45. https://doi.org/10.2337/dc14-0018.

Khaloo P, Hasheminia M, Tohidi M, Abdi H, Mansournia MA, Azizi F et al.
Impact of 3-year changes in lipid parameters and their ratios on incident type
2 diabetes: Tehran lipid and glucose study Nutr Metab (Lond). 2018; 15:50.
https://doi.org/10.1186/512986-018-0287-6

DECODE Study Group on behalf of the European Diabetes Epidemiology
Study Group. Will new diagnostic criteria for diabetes mellitus change pheno-
type of patients with diabetes? Reanalysis of European epidemiological data.
BMJ. 1998;317:371-5. https://doi.org/10.1136/bmj.317.7155.371.

Qiao Q, Hu G, Tuomilehto J, Nakagami T, Balkau B, Borch-Johnsen K, et al.
Age- and sex-specific prevalence of diabetes and impaired glucose regula-
tion in 11 Asian cohorts. Diabetes Care. 2003;26:1770-80. https://doi.org/10.2
337/diacare.26.6.1770.

Kahn SE, Hull RL, Utzschneider KM. Mechanisms linking obesity to insulin
resistance and type 2 diabetes. Nature. 2006;444(7121):840-6. https://doi.org
/10.1038/nature05482.

GBD 2021 Diabetes Collaborators. Global, regional, and national burden

of diabetes from 1990 to 2021, with projections of prevalence to 2050: a
systematic analysis for the Global Burden of Disease Study 2021. Lancet.
2023;402(10397):203-234. https://doi.org/10.1016/50140-6736(23)01301-6

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


https://doi.org/10.1097/01.EDE.0000081989.82616.7d
https://doi.org/10.1097/01.EDE.0000081989.82616.7d
https://doi.org/10.1200/JCO.2014.58.0423
https://doi.org/10.1200/JCO.2014.58.0423
https://doi.org/10.4097/kja.19087
https://doi.org/10.1016/S1473-3099(16)30082-2
https://doi.org/10.1016/S1473-3099(16)30082-2
https://doi.org/10.1186/s12916-022-02319-y
https://doi.org/10.1186/s12916-022-02319-y
https://doi.org/10.1007/978-3-319-70178-3_2
https://doi.org/10.1007/s00125-019-4826-0
https://doi.org/10.1016/S2213-8587(20)30110-8
https://doi.org/10.1016/S2213-8587(20)30110-8
https://doi.org/10.1007/s00508-023-02185-5
https://doi.org/10.1007/s10654-015-0056-z
https://doi.org/10.1007/s10654-015-0056-z
https://doi.org/10.2337/db16-0766
https://doi.org/10.2337/db16-0766
https://doi.org/10.1007/s13300-018-0380-x
https://doi.org/10.4103/2230-8210.167553
https://doi.org/10.1172/JCI29103
https://doi.org/10.3390/ijerph16183329
https://doi.org/10.3390/ijerph16183329
https://doi.org/10.1038/sj.ijo.0802124
https://doi.org/10.1021/pr500434s
https://doi.org/10.2337/dc16-2099
https://doi.org/10.2337/dc16-2099
https://doi.org/10.2337/dc19-1425
https://doi.org/10.1136/bmj.m997
https://doi.org/10.1136/bmj.m997
https://doi.org/10.1016/j.diabres.2019.107843
https://doi.org/10.1016/j.diabres.2019.107843
http://www.gov.cn/jrzg/2009-04/06/content_1278721.htm
http://www.gov.cn/jrzg/2009-04/06/content_1278721.htm
http://www.gov.cn/zwgk/2011-07/07/content_1901099.htm
http://www.gov.cn/zwgk/2011-07/07/content_1901099.htm
http://www.gov.cn/zhengce/content/2017-04/26/content_5189071.htm
https://doi.org/10.1186/s12875-021-01564-z
https://doi.org/10.1111/jrh.12515
https://doi.org/10.1111/jrh.12515
https://doi.org/10.3390/nu12051224
https://doi.org/10.2337/dc14-0018
https://doi.org/10.1186/s12986-018-0287-6
https://doi.org/10.1136/bmj.317.7155.371
https://doi.org/10.2337/diacare.26.6.1770
https://doi.org/10.2337/diacare.26.6.1770
https://doi.org/10.1038/nature05482
https://doi.org/10.1038/nature05482
https://doi.org/10.1016/S0140-6736(23)01301-6

	﻿Assessing the validity of METS-IR for predicting the future onset of diabetes: an analysis using time-dependent receiver operating characteristics
	﻿Abstract
	﻿Background
	﻿Methods
	﻿Data sources
	﻿Ethical approval and consent to participate
	﻿Data acquisition and collection
	﻿Calculations and definitions
	﻿Outcome
	﻿Predefined subgroups
	﻿Statistical analysis

	﻿Results
	﻿Baseline characteristics of the study population
	﻿Association between METS-IR and diabetes
	﻿Predictive value of the baseline METS-IR for the onset of future diabetes in different populations
	﻿Threshold analysis of baseline METS-IR for predicting the future onset of diabetes in different populations
	﻿Comparison of predictive value between METS-IR and TyG index

	﻿Discussion
	﻿Strengths and limitations

	﻿Conclusions
	﻿References


