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Abstract

Background Simple biochemical and anthropometric measurements such as fasting blood glucose (FBG),
triglycerides (TG), high-density lipoprotein cholesterol (HDL-C), waist circumference (WC), and body mass index (BMI)
are used to formulate insulin resistance (IR) indices. Whether these indices provide new predictive information for
mortality remains unknown. This study examined the relationships of biochemical, anthropometric, and IR indices
with mortality risk, as well as their predictive performance.

Methods The data source was the Korean Genome and Epidemiology Study (2004-2020) involving 114,957
participants whose data were linked to death records. The IR indices- triglyceride-glucose index (TyG), TyG-BM|,
TyG-WC, visceral adiposity index (VAI), lipid accumulation product (LAP), and metabolic score for insulin resistance
(METS-IR) were computed using standard formulae. The associations were examined using restricted cubic splines.
The predictive performance was compared using the log-likelihood ratio chi-square test.

Results Body mass index was U-shaped, HDL-C was reverse J-shaped, and FBG and TG levels were J-shaped
associated with all-cause mortality. Results showed U-shaped (TyG), J-shaped (TyG-BMI, VAI, LAP, and METS-IR), and
reverse J-shaped (TyG-WC) associations with all-cause mortality. The percentages of new predictive information

for all-cause mortality explained by the FBG level, BMI, TyG-BMI, and METIR were 3.34%, 2.33%, 1.47%, and 1.37%,
respectively. Other IR indices and biochemical and anthropometric measurements provided < 1.0% of new predictive
information. For cardiovascular disease mortality, the FBG, BMI, METIR, TyG-BMI, and HDL-C levels explained 2.57%,
2.12%, 1.59%, 1.30%, and 1.27% of new predictive information respectively. Moreover, the risks of cancer mortality
explained by FBG level, VAI, and HDL-C level were 2.05%, 1.49%, and 1.28%, respectively.

Conclusions Fasting blood glucose level is a superior predictor of mortality risk and may be used as a simple
predictive and preventative factor.
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Background

Cardiovascular disease (CVD), cancer, and diabetes are
among the major non-communicable diseases (NCDs)
globally. Overweight/obesity and high blood glucose
levels are among the three major metabolic risk factors
for CVD and cancer [1]. Major chronic disease risk fac-
tors are linked to beta cell dysfunction, excessive insulin
secretion, and impaired glucose tolerance, collectively
referred to as insulin resistance (IR) [2, 3].

Insulin resistance primarily contributes to the devel-
opment of various health conditions, such as cardio-
metabolic diseases [4—6], polycystic ovary syndrome [6],
Alzheimer’s disease, chronic kidney disease (CKD) [7],
and cancer [8]. This highlights the importance of early
diagnosis of IR for the primary prevention of numerous
NCDs. However, gold standard techniques for measuring
insulin sensitivity are expensive, time-consuming, and
may pose challenges in their implementation for epide-
miological studies in certain settings [9].

Accordingly, simple biochemical and anthropometric
measures are combined to compute the IR surrogate indi-
ces: a logarithmic product of fasting blood glucose (FBG)
and triglycerides (TG) is used to define the triglyceride-
glucose index (TyG) [10]; the metabolic score for insu-
lin resistance (METS-IR) is computed from high density
lipoprotein cholesterol (HDL-C), FBG, TG, and body
mass index (BMI) [11]; lipid accumulation product (LAP)
is derived from waist circumference (WC) and TG [12];
the visceral adiposity index (VAI) can be computed from
TG, HDL-C, BMI and WC [13]; and products of TyG and
BMI (TyG-BMI), or WC (TyG-WC) have also been sug-
gested [14]. These indices have been evaluated for pre-
dicting both IR and vascular damage, and researchers
have compared their predictive abilities [10, 11, 15-18].
However, few epidemiological studies have evaluated
whether these indices are relevant in predicting mortal-
ity, and most of these studies have evaluated only the TyG
index [19-23], while only one study has evaluated the
VAl in relation to mortality [24]. Moreover, it is unknown
whether these indices provide additional predictive infor-
mation for mortality risk beyond the basic biochemi-
cal and anthropometric measurements from which they
were computed. This study aimed to evaluate the asso-
ciation between six IR indices, alongside basic biochemi-
cal and anthropometric measurements, with mortality
risk from all causes, cancer, and CVD. Additionally, the
percentage of new predictive information for mortal-
ity provided by IR indices and basic measurements was
compared. This study hypothesized that IR indices are
associated with mortality, but do not provide additional
predictive information for mortality beyond that pro-
vided by basic demographic, lifestyle, simple biochemical
and anthropometric parameters. The focus of this study
was non-insulin-based indices that can be conveniently
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computed from simple anthropometric and biochemical
parameters, and are considered cost-effective and reliable
markers of IR [10-18].

Methods

This study followed the Strengthening the Reporting
of Observational Studies in Epidemiology (STROBE)
reporting guidelines.

Study design and population

Individual participants were enrolled in the Korean
Genome and Epidemiology Study-Health Examinees
Cohort (KoGES-HEXA). Individuals (#=173,195) from
all eight regions of Korea were enlisted between 2004
and 2013. A total of 38 different health facilities served
as recruitment centers [25, 26]. Among the 173,195 par-
ticipants, 130,219 agreed to have their data connected to
the National Statistical Office mortality records. After
excluding 15,262 participants with missing IR index data,
114,957 participants (aged 40-79 years) were included in
the analysis, of whom 75,251 (65.5%) were women (Fig.
S1).

Exposure variables

The main exposure variables were individual anthro-
pometric (BMI and WC) and biochemical (FBG, HDL-
C, and TG) parameters, and their composite IR indices
(TyG, TyG-BMI, TyG-WC, METIR, LAP, and VAI), as
described in the following subsections.

Anthropometric measurements

The participants’ height (in meters) and weight (in kilo-
grams) were recorded while they were barefoot and
dressed in light clothing. For each individual, BMI was
calculated as the fraction of their weight and the square
of their height. WC was measured along the horizontal
line equidistant from the lowest rib and the top of the hip
bone.

Biochemical measurements

After overnight fasting, a minimum of 19 cc of blood was
collected in a serum separator tube and two tubes con-
taining ethylenediaminetetraacetic acid. The samples
were then transferred to conical tubes and subjected
to further handling. Each biospecimen was assigned a
unique identification that corresponded to each partici-
pant’s questionnaire and was marked with a 2D barcode
sticker. Biospecimens were stored in refrigerators at each
healthcare facility until they were transported by a cou-
rier from a commercial laboratory within 24 h. Subse-
quently, various tests were conducted on these specimens
[25]. Baseline biochemical variables were quantified
using enzymatic calorimetric methods with automatic
analyzers (ADVIA 1650 and 1800; Siemens, Tarrytown,
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NY, USA). Surrogate IR indices were calculated based
on anthropometric and biochemical measurements
(Table 1).

Outcome measures

Deaths from all causes, cancer, and CVD that occurred
between recruitment and December 31, 2020 were ascer-
tained by linking each participant to mortality records
from the Korean National Statistical Office, or the
National Health Insurance Service for Medicaid recipi-
ents. Cancer and CVD mortality was defined using the
10th revision of the International Classification of Dis-
ease codes (ICD 10).

Assessment of covariates

A standardized interviewer-administered questionnaire
was used to assess the age, sex, educational level, house-
hold income, region of residence, alcohol consumption,
smoking habits, regular practice of physical exercise, and
history of medical conditions. Covariates were defined as
follows: Current alcohol drinking was defined as a history
of alcohol consumption and consumption during study
recruitment; current smoking was defined as a history of
smoking more than 400 cigarettes over the participant’s
lifetime, and current smoking during the study recruit-
ment [27]; and regular physical exercise was defined as
participating in activities that induced perspiration five
or more days a week, with each session lasting for a mini-
mum of 30 min.

The baseline prevalence of CVD, chronic obstructive
pulmonary disease, chronic gastritis, and cancer were
defined based on a self-reported diagnosis and intake of
prescribed medication for the above conditions. A diag-
nosis of diabetes was based on FBG levels =126 mg/dl or
being on diabetes treatment. Hypertension was deter-
mined based on the following clinical criteria: systolic
blood pressure>130 mmHg, diastolic blood pressure<85
mmHg, or currently receiving antihypertensive phar-
macotherapy [28]. The presence of CKD was based on

Table 1 Calculation of IR indices

IR index Formula

TyG[10] In (FBG [mg/dL] x triglyceride [mg/dL]/2)

TyG-BMI [14] TyG x BMI

TyG-WC [14] TyG x WC [cm]

METS-IR[11] In (2 X FBG [mg/dL] +triglyceride [mg/dL]) x BMI / In
(HDL-C[mg/dL])

VAI[13] {WC [cm]/ (39.68 + (1.88 x BMI))) X triglycerides
[mmol/L1/1.03x(1.31/HDL-C [mmol/L]} in men, or
{WC [cm]/ (36.58 + (1.89 x BMI))) X triglycerides
[mmol/L1/0.81 x(1.51/ HDL-C [mmol]/L} in women

LAP[12] (WC [cm] —65) X triglycerides [mmol/L] in men,

or (WC [cm] —-58) x triglycerides [mmol/L] in women

TyG, Triglyceride-glucose index; METS-IR, metabolic score for insulin resistance;
VAI, visceral adiposity index; LAP, lipid accumulation product
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an estimated glomerular filtration rate (eGFR)<60 mL/
min/1.73 m? [29]. Disease scores were derived from the
sum of the chronic morbidities at baseline.

Statistical analysis

Person-years for each individual were computed by sub-
tracting the study entry date from the date of death or
December 31, 2020, with the earlier of the two considered
first. Missing data on income was assigned “unknown”
(8.7%), while missing data on each categorical covariate
was replaced by the mode (<5%). Continuous variables
were expressed as either the mean value accompanied
by its standard error, or the median value followed by its
interquartile range. Categorical variables were expressed
as frequencies (percentages). Participant characteristics
were compared across fifths of TyG-BMI using general
linear models and chi-square tests.

The participant characteristics associated with mortal-
ity in the Korean population were included in models as
covariates [30]. The proportionality of hazards was evalu-
ated using the Wald test. Nonlinear associations between
basic biochemical and anthropometric measurements,
IR indices, and mortality were modelled using restricted
cubic spline (RCS) models [31]. Age (spline), sex, educa-
tion level, monthly family income, region of residence,
alcohol consumption, smoking habits, regular physi-
cal exercise, high sensitivity C-reactive protein (4s-CRP;
continuous), disease score (only for all-cause mortality),
baseline history of cancer (for cancer-specific mortality),
and baseline history of CVD (for CVD-specific mortality)
were included in the models.

Two steps were implemented to evaluate whether IR
indices provided additional predictive information for
mortality outcomes beyond basic anthropometric and
biochemical measurements. First, a baseline model that
included the covariates described above, was built for
comparison with the model that additionally included
individual measurements or their indices. Subsequently,
the adequacy index (AI) was computed. The Al is the
ratio of the log-likelihood (LL) of the baseline model to
that of the models containing individual biochemical
measurements or IR indices. The percentage of varia-
tion explained by each measurement (additional predic-
tive information provided to the baseline model) was
computed as (1-AlI) x100. The percentage of variation
indicates the differences in the risk of mortality due to a
specific variable in the model [32].

As for sensitivity analyses, deaths reported in the first
two years after study entry were excluded to account
for latent period bias. Additionally, participants who
reported at least one chronic disease at baseline were
excluded.
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Table 2 Description of study participants

Characteristic  Fifths of TyG-BMI index (N=114,957)

Q1 Q2 Q3 Q4 Q5

22,991 22,991 22,993 22,991 22,991

Age, years, mean  50.9 (0.1) 52.5 53.6 544 54.4
(SE) .1 (0.1 .1 0.1)

BMI, kg/mz, 20.5(0.0) 225 237 251 277
mean (SE) (0.0) (0.0) (0.0 (0.0)
Male, n (%) 4,207 (18.3) 5,104 5,909 6,644 6,782
(22.2) (25.7) (28.9) (29.5)
Elementary edu- 2,028 (8.8) 2,656 3,312 4,215 5,053
cation, n (%) (11.6) (14.4) (18.3) (22.0)
Income, 1,748 (7.6) 1,859 2,154 2,537 2913
<1000USD, n (%) 8.1) (9.4) (11.0) (12.7)
Single/others, 2,527 (11.0) 2,180 2,274 2,354 2,726
n (%) 9.5) (9.9) (10.2) (11.9
Rural residents, 7,195 (313) 7,146 7115 7,379 7,764
n (%) (31.1) (30.9) (32.1) (33.8)
Current smokers, 3,196 (13.9) 3,487 3,555 3,612 3,514
n (%) (15.2) (15.5) (15.7) (15.3)
Current drinkers, 10,587 10,534 10,503 10,028 10,101
n (%) (46.1) (45.8) (45.7) (43.6) (43.9)
Regular exercise, 7,984 (34.7) 8472 8,727 8,433 7,634
n (%) (36.9) (38.0) (36.7) (33.2)
Elevated hs-CRP, 1,071 (4.7) 1,176 1,418 1,621 2,454
n (%) (5.1 6.2) (7.1) (10.7)
History of Can- 854 (3.7) 731(3.2) 766(3.3) 752(3.3) 712
cer,n (%) (3.1)
History of CVD, 328 (1.4) 443(1.9) 555(24) 651(2.8) 750
n (%) (33)
Disease score, 1,372 (6.0) 1,691 2,005 2,134 2,495
>1,n (%) (7.4) 8.7) (9.3) (10.9)
TyG, median 79(76-82) 83 85 8.7 9.1
(IQR) (79-85) (8.2-88) (84-9.0) (87—
9.4)
TyG-BMI, median 164 184 199 218 247
(IQR) (164—155)  (178- (193- (210~ (236—
191) 208) 224) 261)
TyG-WC, median 572 634 678 727 808
(IQR) (533-620)  (593- (636— (684~ (755-
685) 731) 777) 865)
METS-IR, median  27.0 313 34.0 37.1 426
(IQR) (25.9-294)  (29.7- (324-  (354- (40.0-
33.2) 36.0) 39.2) 45.6)
VAI, median (IQR) 1.8(1.3-23) 22 26 30 38
(16-29) (1.9-34) (23-39) (2.8-
52)
LAP, median 8.5 159 232 334 545
(IQR) (5.6-12.3) (11.7- (174-  (25.2- (39.9-
215) 31.2) 44.6) 77.2)

SE, standard error; IQR, interquartile range; BMI, body mass index; TyG,
triglyceride-glucose index; WC, waist circumference; VAI, visceral adiposity
index; LAP, lipid accumulation product; METS-IR, metabolic score for insulin
resistance; CVD, cardiovascular disease; hs-CRP, high sensitivity C-reactive
protein
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The SAS statistical package (version 9.4; SAS Institute
Inc., Cary, NC, USA) was used for data analyses. A P
value <0.05 was set as statistically significant.

Results

The mean age (standard deviation) of the participants
was 53.2 (8.3) years. Participants contributed 1,217,002
person-years (mean, 10.6 SE, 2.0) during which 3,567
deaths (cancer: 1,828; CVD: 599) were observed. Insulin
resistance was positively correlated with old age, male
sex, low educational level, low income, current smok-
ing, high /s-CRP levels, and the presence of at least one
chronic disease. However, IR was negatively correlated
with current alcohol consumption and regular physi-
cal exercise (Table 2). The characteristics of participants
were compared between the original cohort and the ana-
lytical sample. No substantial differences in the distribu-
tion of demographic, lifestyle, and clinical characteristics
were reported between the entire cohort and the analyti-
cal sample (Table S1).

Simple biochemical and anthropometric measure-
ments were nonlinearly associated with all-cause mortal-
ity (P<0.0001) (Fig. 1). FBG and TG levels were J-shaped,
HDL-C was reverse J-shaped, and BMI was U-shaped
associated with all-cause mortality. These results per-
sisted after excluding participants who died two years
after recruitment (Fig. S2), and those with chronic dis-
eases at baseline (Fig. S3).

EBG levels were linearly associated with a high risk
of death from cancer (Fig. S4) and CVD (Fig. S5). How-
ever, J-shaped associations with cancer mortality were
observed for the other biochemical and anthropometric
measurements (Fig. S4). Moreover, increased HDL-C lev-
els were associated with a linear decrease; but BMI and
WC were J-shaped associated with CVD mortality (Fig.
S5).

Associations between IR indices and all-cause mor-
tality were significantly nonlinear (P<0.0001), with a
U-shaped relationship observed with TyG, a J-shaped
association with TyG-BMI, VAI, LAP, and METS-IR, and
a reverse J-shaped association with TyG-WC (Fig. 2).
These associations persisted in the sensitivity analyses
(Fig. S6 and S7).

A high risk of cancer mortality associated with lower
levels of IR indices was reported, except for the TyG
index (Fig. S9). High TyG and TyG-WC were linearly
associated with an increased risk of CVD mortality.
However, METIR and TyG-BMI were J-shaped in relation
to CVD mortality (Fig. S10).

FBG was the most highly ranked predictor of mortality
outcomes compared to other biochemical markers and
IR indices, explaining the highest variation (new predic-
tive information) in all-cause (3.34%), CVD (2.6%), and
cancer mortality (2.05%), followed by BMI (all-cause
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Fig. 1 Nonlinear association of plasma biomarkers and anthropometric measures with all-cause mortality. The models were fitted using RCS with knots
located at the 5th, 50th, and 95th percentiles of the individual measurements, and were djusted for age, sex, education, monthly family income, marital
status, smoking, drinking, regular physical exercise, and disease scores. The solid line are hazard ratios (HR), and the dotted lines are corresponding 95%
confidence intervals (Cl). BMI, body mass index; WC, waist circumference; HDL-C, high-density lipoprotein cholesterol
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Fig. 2 Nonlinear association of IR indices with all-cause mortality. The models were fitted using RCS with knots positioned at the 5th, 50th, and 95th
percentiles of the individual measurements, and were adjusted for age, sex, education, monthly family income, marital status, smoking, drinking, regular
physical exercise, and disease scores. The solid line are hazard ratios (HR), and the dotted lines are corresponding 95% confidence intervals (Cl). TyG,
triglyceride-glucose index; VA, visceral adiposity index; LAP, lipid accumulation product; METS-IR, metabolic score for insulin resistance.
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mortality, 2.33%; CVD mortality, 2.12%) and HDL-C
(1.28% for cancer mortality). However, among the IR
indices, TyG-BMI contributed 1.50% of the predictive
information for all-cause mortality, followed by METIR
(1.37%). In addition, METIR and VAI contributed to the
highest percentages of variation in CVD-(1.59%) and
cancer-specific (1.49%) mortality, respectively (Table 3).

Discussion

Study findings

Various IR indices have been formulated based on basic
physical and biochemical measurements obtained from
routine clinical examinations. However, whether these
composite IR indices provide additional predictive infor-
mation for mortality beyond the basic measurements is
unknown. This large cohort study evaluated the nonlin-
ear associations of IR indices and basic biochemical and
anthropometric measurements with mortality, and com-
pared their predictive performance. Basic measurements
and composite indices were both nonlinearly associated
with all-cause mortality, and FBG level was a superior
predictor of all-cause, cancer, and CVD mortality. These
results suggest that FBG, rather than composite IR indi-
ces, may be a convenient and less expensive approach for
screening individuals at risk of future premature mortal-
ity and targeting them for lifestyle and pharmacological
interventions.

Comparison with previous studies

The discrimination between IR and glycemic control has
been evaluated using different IR surrogates in recent
studies. The TyG index superseded the Homeostatic
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Model Assessment of Insulin Resistance (HOMA-IR),
VAL and LAP in predicting diabetes [33]. In a study
with middle-aged Chinese individuals, TyG and LAP
were better predictors of IR than TG/HDL-C ratio and
VAI [15]. The product of TyG and obesity indices dem-
onstrated the best discrimination of IR measured using
HOMA-IR [16]. Notably, these studies employed the
area under the receiver operating characteristic curve
(AUROC), which is a less sensitive tool for assessing pre-
dictive performance [32]. To the best of our knowledge,
no studies have compared mortality prediction by IR sur-
rogate indices using more robust measures of predictive
performance. In the current study, FBG levels explained
the highest variation in total, cancer-, and CVD-specific
mortality compared to the IR indices, suggesting that
additional processing of basic measurements to compute
composite indices does not add predictive information to
mortality models beyond basic measurements.

The relationship between IR indices and mortality risk
has been previously explored. High TyG index levels were
associated with a significant risk of all-cause mortality
[19-23], with two studies reporting a U-shaped associa-
tion [21, 22]. High LAP levels are associated with a high
risk of mortality [14], but an inverse relationship per unit
increment has been reported in men [34]. In patients
with high CVD risk, LAP (instead of BMI) was posi-
tively associated with high mortality risk [35]. Further-
more, LAP significantly predicted mortality risk among
postmenopausal women of normal weight [36]. Notably,
a few large cohort studies have reported an association
between LAP and mortality, but none of these studies
evaluated nonlinear associations. In the first large cohort

Table 3 Percentage of variation in mortality outcomes explained by basic anthropometric and biochemical markers, and IR indices

Model All-cause mortality CVD mortality Cancer mortality
AP % new Al % new Al % new
information® information information

Baseline® 1.00 - 1.00 - 1.00 -
+Triglycerides 0.993 0.741 0.998 0.184 0.993 0.716
+Glucose 0.967 3337 0974 2570 0.979 2.052
+HDL-C 0.990 1.044 0.987 1.268 0.987 1.285
+BMI 0.977 2329 0.979 2120 0.995 0.537
+WC 0.993 0.713 0.993 0.698 0.998 0.248
+TyG 0.993 0.739 0.992 0.822 0.997 0273
+TyG-BMI 0.985 1467 0.987 1.290 0.997 0.345
+TyG-WC 0.994 0.640 0.994 0.629 0.997 0.275
+METIR 0.986 1.369 0.984 1.586 0.998 0.237
+VAI 0.990 0.956 0.999 0.147 0.985 1.496
+LAP 0.991 0911 0.999 0.148 0.994 0.605

BMI, body mass index; WC, waist circumference; HDL-C, high density lipoprotein cholesterol; TyG, triglyceride-glucose index; VAI, visceral adiposity index; LAP, lipid
accumulation product; METS-IR, metabolic score for insulin resistance; Al, adequacy index;

aLOg'“ke"hOOd baseline model/ Log—likelihood modelincluding biomarker/IR index
P(1-A1)*100

‘Included age (spline), sex, education, monthly family income, marital status, smoking, drinking, regular physical exercise, disease score and hs-CRP. The baseline
models for CVD and cancer mortality additionally included baseline history of CVD and cancer respectively
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in the United Kingdom, the total mortality risk was high
among individuals with high VAI values [2]. Two stud-
ies reported an increased mortality risk in patients with
kidney disease and a high VAI [37, 38], with a J-shaped
association found in one study [37]. Both the lowest and
highest METS-IR values are related to total and CVD-
mortality among individuals with hyperglycemia [39];
however, no large-scale studies have been conducted in
generally healthy individuals.

Possible explanations of study results

The nonlinear associations between the IR indices and
mortality observed in our study align with those of previ-
ous reports, specifically for TyG [21, 22], VAI [37], and
METS-IR [39]. A potential explanation for this observa-
tion is that most endocrine hormones exhibit a range
of physiological concentrations, and the functions of an
organism are compromised below or above the physi-
ological range [40]. Some researchers have hypothesized
that IR in the absence of glucose dysmetabolism can
increase longevity in certain populations such as indi-
viduals with obesity. Individuals with obesity with the
lowest HOMA-IR values have the lowest survival rates
and highest risk of CVD-related mortality [41]. There-
fore, considering the potential benefits of IR in individu-
als with obesity, it can be inferred that the absence of IR
in these individuals may deactivate the necessary inter-
nal self-defense mechanisms against obesity [41]. More-
over, the pharmacological reduction of IR in humans
may result in organ damage [42], and the removal of IR
defense mechanisms has been implicated in an increased
CVD risk [43].

Study strengths and limitations

The major strength of our study is the comprehensive
comparison of multiple biochemical, anthropometric,
and surrogate markers of IR with mortality in a large
cohort with a relatively long follow-up period. A sub-
stantial number of participants and a long follow-up
duration enabled the accrual of adequate events and
allowed the evaluation of cause-specific mortality. The
use of objectively measured anthropometric and bio-
chemical variables to compute IR indices and accurately
ascertain mortality through vital records reduced mea-
surement error and increased the validity of our find-
ings. Moreover, the prospective study design reduced
the possibility of reverse causation and strengthened the
causal conclusions. In addition, the study accounted for
multiple covariates, which potentially minimized con-
founding factors. Finally, the LL ratio, used to compare
model performance, is considered the gold standard for
evaluating and measuring the new information provided
by a biomarker to a minimal model [32]. In contrast, we
used anthropometric and biochemical measurements
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that were measured once at baseline, which precluded
accounting for long-term changes. Nevertheless, single
anthropometric and biochemical measurements have
been shown to approximate average values, owing to
their stability over time [43]. Although we included mul-
tiple covariates in our models, there is a possibility of
residual unmeasured confounding.

Conclusions

Routinely measured biochemical and anthropometric
parameters and composite indices of IR demonstrated
nonlinear associations with all-cause mortality. An
increase in FBG was associated with an increase in the
risk of CVD mortality; however, a linear increase and
decrease in cancer-related mortality were observed for
FBG and HDL-C, respectively. The FBG level was the
most informative predictor of all-cause, CVD-, and can-
cer-specific mortality. This study showed that surrogate
measures of insulin resistance do not provide additional
predictive information for mortality beyond FBG lev-
els. Therefore, FBG levels can be utilized as a simple and
less expensive predictive and preventative marker of the
future risk of premature mortality, and should be rou-
tinely monitored in the general population.
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