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Purpose: This study aimed to explore the relationship between obesity- and lipid-related indices and insulin resistance (IR) and
construct a personalized IR risk model for Xinjiang Kazakhs based on representative indices.
Methods: This cross-sectional study was performed from 2010 to 2012. A total of 2170 Kazakhs from Xinyuan County were selected
as research subjects. IR was estimated using the homeostasis model assessment of insulin resistance. Multivariable logistic regression
analysis, least absolute shrinkage and selection operator penalized regression analysis, and restricted cubic spline were applied to
evaluate the association between lipid- and obesity-related indices and IR. The risk model was developed based on selected
representative variables and presented using a nomogram. The model performance was assessed using the area under the ROC
curve (AUC), the Hosmer–Lemeshow goodness-of-fit test, and decision curve analysis (DCA).
Results: After screening out 25 of the variables, the final risk model included four independent risk factors: smoking, sex,
triglyceride-glucose (TyG) index, and body mass index (BMI). A linear dose–response relationship was observed for the BMI and
TyG indices against IR risk. The AUC of the risk model was 0.720 based on an independent test and 0.716 based on a 10-fold cross-
validation. Calibration curves showed good consistency between actual and predicted IR risks. The DCA demonstrated that the risk
model was clinically effective.
Conclusion: The TyG index and BMI had the strongest association with IR among all obesity- and lipid-related indices, and the
developed model was useful for predicting IR risk among Kazakh individuals.
Keywords: lipid-related indices, obesity-related indices, insulin resistance, Xinjiang Kazakhs

Introduction
Insulin resistance (IR) is the core link and initiator of various metabolic diseases, including diabetes, metabolic
syndrome, and cardiovascular disease.1 Thus, an early assessment of IR is critical for the prevention and treatment of
these metabolic diseases. The homeostasis model assessment of insulin resistance (HOMA-IR) has been widely used in
epidemiologic studies. Given that insulin measurement is expensive, HOMA-IR is not routinely measured in clinical
practice. Obesity and lipid metabolism disorders are the primary causes of IR,2,3 which often precede the development of
IR. Conventional lipid- and obesity-related indices include the body mass index (BMI), waist circumference (WC),
triglycerides (TG), total cholesterol (TC), high-density lipoprotein (HDL-C), and low-density lipoprotein (LDL-C).
Additionally, some novel indices such as the triglyceride-glucose (TyG) index, metabolic score for IR (METS-IR),
single point insulin sensitivity estimator (SPISE), lipid accumulation product (LAP), TG/HDL-C, visceral fat index
(VAI), body roundness index (BRI), conicity index (CoI), and a body shape index (ABSI) have been proven to be closely
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associated with IR.4–8 However, the representative markers of IR are different owing to variations in region, age, and
metabolic status of the study objects. Kazakhs live in remote rural areas of Xinjiang, and the prevalence and incidence of
metabolic diseases among this population are high.1,9 An economical and simplified IR assessment method has important
implications for the primary prevention of metabolic disorders in the Kazakh population. Therefore, our study aimed to
screen lipid- and obesity-related indices closely associated with IR and construct an IR risk model suitable for Kazakhs.

Methods
Study Population
This was a cross-sectional study conducted from 2010 to 2012 in Xinyuan County, Yili region, Xinjiang, Northwest
China. A four-stage stratified (prefecture-county-township-village) random cluster sampling method was adopted. First,
a prefecture (Yili) that represented the Kazakhs population in Xinjiang was selected. Second, a county (Xinyuan) was
randomly selected from the prefecture and then a township (Nalati) from the county. Finally, six villages were selected
from the township using a stratified sampling method. After excluding subjects with severe liver and kidney dysfunction,
heart failure, and cancer; those with missing data, taking medications known to affect lipid levels, and younger than 18
years in age; and those who were pregnant, a total of 2170 participants were recruited for the study. The study was
approved by the Ethics Committee of Shihezi University (reference number 2014LL22). All participants provided written
informed consent at the beginning of the study. All procedures in this study followed the principles of the Declaration of
Helsinki.

Data Collection
As part of an epidemiological survey, a questionnaire was conducted through one-on-one, in-person interviews to collect
data on general characteristics such as age, gender, smoking, drinking and personal medical histories. During a physical
examination, the subjects’ height, weight, WC, and blood pressure were measured by trained personnel according to
standardized methods. The subjects wore light clothes and removed their shoes when the height and weight were
measured. Their WC was measured at the midpoint between the lower border of the rib cage and the superior iliac crest
during minimal respiration. The measurement accuracies for height, weight, and WC were 1 mm, 0.1 kg, and 1 mm,
respectively. Sitting blood pressure was measured three times using an electronic blood pressure meter after the subject
rested for 5 min, and the average was recorded. Biochemical parameters (plasma glucose and lipids) were estimated
using an automatic biochemical analyzer (Olympus AU2700). Fasting serum insulin levels were determined using an
enzyme-linked immunosorbent assay (Atomic Tech Co. Ltd, Beijing, China).

Calculation Formula for Related Indices
The related indices used in this study were BMI, VAI, LAP, TyG, CI, BRI, ABSI, METS-IR, SPISE, waist-hip ratio
(WHR), and waist-to-height ratio (WHtR). The calculation formulas are provided below:

(1) BMI: weight (kg)/height (m2)
(2) VAI:10

VAI (male) = [WC (cm)/39.68−1.88 × BMI (kg/m2)] × [TG (mmol/L)/1.03] × [1.31/HDL-C (mmol/L)]
VAI (female) = [WC (cm)/36.58−1.89 × BMI (kg/m2)] × [TG (mmol/L)/0.81] × [1.52/HDL-C (mmol/L)]
(3) LAP:11

LAP (male) = [WC (cm)-65] × TG (mmol/L)
LAP (female) = [WC (cm)−58] × TG (mmol/L)
(4) TyG:12 Ln[(TG (mg/dl) × FPG (mg/dl)/2]
(5) CoI:13 0.109−1 × WC (m) × [weight (kg)/height (m)]1/2

(6) BRI:14. 364.2–365.5 × [1-π−2 × WC2 (m)/height2 (m)]1/2

(7) ABSI:15 WC (m)/[BMI2/3 (kg/m2) × height1/2 (m)]
(8) METS-IR:8 Ln [(2 × FPG (mg/dL)) + TG (mg/dL)] × BMI/Ln (HDL-C (mg/dL))
(9) SPISE:7 [600 × HDL^0.185 (mg/dL)/(TG^0.2 (mg/dL)× BMI^1.338)]
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(10) WHR: WC (cm)/hip circumference (cm)
(11) WHtR: WC (cm)/height (cm)

Definitions
(1) IR was estimated using the homeostasis model assessment (HOMA) formula: [fasting glucose (mmol/L) × fasting
insulin (μU/mL)]/22.5, and IR was defined as HOMA-IR values ≥ 75th percentile (3.45 in Kazakh population).16

(2) Smoking referred to subjects who smoked 100 cigarettes or more, or regularly smoked for more than 6 months.17

(3) Drinking was defined as drinking at least once a week on average for more than 6 months.18

Statistical Analysis
The general characteristics were described as the mean ± standard deviation (SD) or median (interquartile range) for
continuous variables, and as the frequency (percentage) for categorical variables. Continuous variables were compared
using the Student’s t-test or Mann–Whitney U-test according to the distribution of continuous variables, whereas the
categorical variables were compared using a chi-square test. Association analyses were carried out in three steps: First,
the least absolute shrinkage and selection operator (LASSO) regression model was applied to select the most represen-
tative variables. Second, multivariate logistic regression was applied to determine independent variables and use them to
develop the IR risk model. Finally, the dose–response relationship between the continuous variables in the risk model and
IR was investigated using restricted cubic splines. Multicollinearity was assessed using a variance inflation factor (VIF):
a VIF value of >5 indicated multicollinearity.19 The discriminative ability of the risk model was evaluated using the area
under the ROC curve, namely AUC. Furthermore, the calibration was investigated using a Hosmer–Lemeshow test, and
a calibration plot was constructed for visual inspection. In addition, the DCA was used to determine clinical practic-
ability. SPSS 23.0 and R 4.1.0 were also used for the statistical analysis. The LASSO regression was conducted using the
“glmnet” package (version 2.0–16). The multivariate logistic regression analysis and calibration plots were applied using
the “rms” package (version 5.1–3.1). The developed risk model was further presented using “DynNom” packages. The
DCA was conducted using the “DCA” package (version 2.0). The original AUC and the AUC based on a 10-fold cross-
validation were assessed using the pROC (version 1.18.0) and the cvAUC (version 1.1.0) packages, respectively. A value
of P < 0.05 was considered statistically significant.

Results
Basic Characteristics of Study Subjects
The analysis included a total of 2170 subjects with a mean age of 44.19 ± 13.29, among which 1141 (52.58%) were
female (Table 1). Age, proportion of smokers and drinkers, systolic blood pressure, diastolic blood pressure, TC, TG,
LDL-C, TG/HDL-C, TC/HDL-C, WC, BMI, HP, WHR WHtR, VAI, LAP, CoI, BRI, TyG index, and METS-IR were
higher in participants with IR (P < 0.05). By contrast, HDL-C and SPISE were lower in participants with IR (P < 0.05).
Proportion of females and ABSI were not significantly different between the non-IR and IR groups.

Screening of Variables
LASSO regression was used to select the representative risk factors among the 25 variables listed in Table 1. The LASSO
regression reduces the complexity of the model by adjusting the penalty term (lambda). As the value of lambda
increased, the coefficients of some unimportant variables were close to zero (Figure 1B). To obtain a stripped-down
model with high prediction performance, an optimal lambda value of 0.0128 was selected. The optimal lambda resulted
in seven risk factors with non-zero coefficients: TG, WC, drinking, smoking, sex, TyG index, and BMI (Figure 1A).

Multivariate Logistic Analysis
Multivariate logistic regression analyses were further conducted to determine independent risk factors of IR. TG was
removed from the multivariate model owing to its collinearity with the TyG index variable. As shown in Table 2, four
variables, ie, the TyG index, BMI, sex, and smoking status, were independent risk factors for IR (P < 0.05).

Risk Management and Healthcare Policy 2022:15 https://doi.org/10.2147/RMHP.S352401

DovePress
633

Dovepress Yu et al

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


Restricted Cubic Splines of Continuous Variables Associated with Risk of IR
Multivariable logistic regression with restricted cubic splines was used to evaluate the dose–response relationship of the
continuous variables with IR risk. The results revealed that there was a linear association between BMI (P = 0.053 for
nonlinearity) and the TyG index (P= 0.486 for nonlinearity) with IR risk (Figure 2).

Table 1 Basic Characteristics of the Study Subjects

Variable Non-IR (n = 1647) IR (n = 523) P value

Age (years) 43.49 ± 13.1 46.37 ± 13.66 < 0.001

Female (%) 873 (53) 268 (51) 0.514

Smoking (%) 789 (48) 340 (65) < 0.001

Drinking (%) 525 (32) 250 (48) < 0.001

SBP (mmHg) 127.77 ± 22.18 134.22 ± 24.41 < 0.001

DBP (mmHg) 81.86 ± 13.26 85.55 ± 14.18 < 0.001

TC (mmol/L) 4.24 ± 1.11 4.53 ± 1.14 < 0.001

TG (mmol/L) 0.98 (0.69, 1.4) 1.32 (0.87, 1.88) < 0.001

HDL-C (mmol/L) 1.37 ± 0.36 1.30± 0.37 < 0.001

LDL-C (mmol/L) 2.25 ± 0.74 2.44 ± 0.86 < 0.001

TG/HDL-C 0.98 ± 1.48 1.29 ± 0.97 < 0.001

TC/HDL-C 3.36 ± 3.51 3.75 ± 1.4 < 0.001

BMI (kg/m2) 23.76 ± 3.78 25.94 ± 4.48 < 0.001

WC (cm) 83.32 ± 11.01 89.22 ± 12.26 < 0.001

HC (cm) 95.44 ± 7.61 99.15 ± 8.85 < 0.001

WHR 0.87 ± 0.07 0.90 ± 0.07 < 0.001

WHtR 0.56 ± 0.12 0.59 ± 0.11 < 0.001

VAI 1.14 (0.76, 1.78) 1.68 (1, 2.68) < 0.001

LAP 19.39 (10.92, 34.77) 36.72 (16.98, 60.81) < 0.001

CoI 1.19 ± 0.13 1.23 ± 0.13 < 0.001

BRI 4.87 ± 2.87 5.48 ± 2.72 < 0.001

ABSI 0.08 ± 0.01 0.08 ± 0.01 0.474

TyG 8.15 ± 0.64 8.63 ± 0.65 < 0.001

METS-IR 33.93 ± 10.99 38.97 ± 8.69 < 0.001

SPISE 7.73 ± 2.17 6.54 ± 2.1 < 0.001

HOMA-IR 1.67 (1.24, 2.4) 4.64 (3.9, 6.02) < 0.001

Note: Data were presented as the mean (standard deviation), median (interquartile range), or counts (proportions).
Abbreviations: SBP, systolic blood pressure; DBP, diastolic blood pressure; BMI, body mass index; HDL-C, high-density lipoprotein cholesterol;
LDL-C, low-density lipoprotein cholesterol; TC, total cholesterol; TG, triglycerides; WC, waist circumference; HC, hip circumference; WHR,
waist-hip ratio; WHtR, waist-to-height ratio; VAI, visceral adiposity index; LAP, lipid accumulation product; CoI, conicity index; BRI, body
roundness index; ABSI, a body shape index; TyG, triglyceride-glucose; METS-IR, metabolic score for insulin resistance; SPISE, single point insulin
sensitivity estimator; HOMA-IR, homeostasis model assessment of insulin resistance.
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Risk Model Development
The final risk model presented using a nomogram included four independent risk factors: TyG index, BMI, sex, and
smoking status (Figure 3). To better facilitate the clinical use of the model, an interactive web application was developed
using the shiny package (https://proguo.shinyapps.io/DynNomapp/). To illustrate with an example, for a male non-
smoker with a BMI of 23 kg/m2 and TyG of 8, the risk of developing IR was estimated to be 11%.

Figure 1 (A) Plot of deviance versus log (lambda). The optimal lambda was selected in the LASSO regression using a 10-fold cross-validation. The black and red dotted lines
are drawn at the lambda value by the minimum criteria and one standard error above the minimum criterion. The red dotted line is the optimal lambda at which the model
was the most parsimonious but with a high predictive performance. (B) LASSO regression coefficient path for 25 variables. The coefficient variation of the 25 variables with
an increasing value of log (lambda).
Abbreviations: LASSO, least absolute shrinkage and selection operator; SBP, systolic blood pressure; DBP, diastolic blood pressure; BMI, body mass index; HDL-C, high-
density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; TC, total cholesterol; TG, triglycerides; WC, waist circumference; HC, hip circumference;
WHR, waist-hip ratio; WHtR, waist-to-height ratio; VAI, visceral adiposity index; LAP, lipid accumulation product; CoI, conicity index; BRI, body roundness index; ABSI,
a body shape index; TyG, triglyceride-glucose; METS-IR, metabolic score for insulin resistance; SPISE, single point insulin sensitivity estimator.
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Risk Model Validation
The AUC values of our risk model was 0.720 (95% CI, 0.694–0.746) (Figure 4) based on an independent test and the
(AUC) was 0.716 (95% CI, 0.690–0.743) based on a 10-fold cross-validation, indicating a good discriminative ability.
The calibration plot displayed a good fit between the predicted and observed probabilities of the risk model (Figure 5).
Furthermore, the Hosmer–Lemeshow goodness-of-fit-statistic was 12.69 (P = 0.123), indicating good calibration. The
DCA shows that if the threshold probability of IR is between 0.16 and 0.62, the net benefit of the risk model is
significantly higher than that of the two extreme strategies (Figure 6).

Discussion
The Kazakh population in Xinjiang is at a high risk of contracting IR-driven diseases, such as cardiovascular diseases and
metabolic syndrome, owing to their unique genetic background and eating habits characterized by high salt, carbohy-
drates, and animal fat.20,21 The hyperinsulinemic-euglycemic clamp and HOMA are both effective methods to assess IR.
However, these methods are demanding, expensive, and time-consuming. In this context, our study aimed to provide
a practical tool for IR evaluation among the Kazakh population to better intervene and treat IR-driven diseases.

A final risk model was established through LASSO regression analysis and multivariate logistic regression analysis,
to select four significant variables, including the TyG index, BMI, gender, and smoking status, among the 25 potential
risk factors. Spline analyses clarified the positive linear relationship between BMI, TyG index, and IR.

Table 2 Multivariate Logistic Regression Analyses for IR Risk

Variable OR (95% CI) P value

TyG index 2.69 (2.21, 3.28) <0.001

BMI 1.05 (1.01, 1.10) 0.020

Smoking 1.51 (1.14, 2.01) 0.004

Sex 1.44 (1.15, 1.81) 0.002

Drinking 1.16 (0.88, 1.54) 0.290

WC 1.01 (0.99, 1.02) 0.423

Abbreviations: TyG index, triglyceride-glucose index; BMI, body mass index;
WC, waist circumference.

Figure 2 Cubic spline plots for (A) BMI and (B) TyG index. The black solid line shows the multivariate-adjusted odds ratio (OR), and the gray area shows a 95% confidence
interval (CI), adjusted for variables in the multivariable logistic model.
Abbreviations: TyG index, triglyceride-glucose index; BMI, body mass index.
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Our results suggest that smokers are at a higher risk of IR than non-smokers, similar to the results of Risque et al.22

Therefore, quitting smoking is vital in reducing IR risk. Consistent with our findings, a study by Mittendorf et al23

showed that women are at a high risk of IR, and this study also revealed that gender differences in terms of IR risk might
be partially explained by sex-specific gene expression and sex hormones.

Figure 3 Development of IR risk nomogram. The box size indicates the distribution of the categorical variables (for smoking, a tiny box indicates smokers, and the giant box
indicates non-smokers). To use the nomogram, the value of an individual subject is located on each variable axis, and we were able to determine the points of each variable
by drawing a vertical line upward. The sum of the points of each variable is located on the “Total points” axis, and a red line downward determines the probability of IR risk.
Abbreviations: TyG index, triglyceride-glucose index; BMI, body mass index.

Figure 4 The area under the curve (AUC) for determining the discriminatory ability of the risk model. The AUC achieved was 0.720 (95% confidence interval (CI) 0.694–
0.746).
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In addition to the general demographic characteristics, the BMI and TyG indices are also significant risk factors for
IR. Established models based on data from polycystic ovary syndrome patients and the high-risk metabolic disorder
populations both include BMI, as shown by Takahara et al24 and Jiang et al.25 BMI is closely associated with IR, and its
association is even higher than body fat percentage.26 A 20-year cohort study by Risérus et al27 found that BMI was the
best predictor of IR after comparing the predictive value of BMI, blood lipid level, exercise, socioeconomic status, and
insulin levels for long-term IR. BMI has been more associated with IR than new lipid- and obesity-related indicators such

Figure 5 Calibration plot of the IR risk model. The x-axis shows the predicted risk of IR, and the y-axis shows the actual IR risk. The dashed 45° line is the reference of the
calibration representing a perfect prediction by an ideal model. The figure shows two curves, ie, apparent (blue dotted line) and bias-corrected (black dotted line). The blue
dotted line shows the performance of the IR risk model using the same data that were fit to the model, whereas the black line shows the performance of the IR risk model
using data generated from 1000 bootstrap samples.

Figure 6 Decision curve analysis (DCA) of the risk model. The red line represents the risk model. The gray line represents the assumption that all people have IR (treat-all
strategy), and the black line represents the assumption that no one has IR (treat-no one strategy). This demonstrates that when the threshold probability of IR is between
0.16 and 0.62, using this model would add more net benefit than the treat-all or treat-no-one strategies.
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as TG/HDL, LAP, VAI, and ABSI, consistent with several previous studies.5,28,29 However, not all studies support this
view.30 Thus, further studies are required to investigate whether the novel lipid-and obesity-related indicators performed
better than BMI for IR prediction. Most previous studies that included BMI as a categorical variable in the analysis, fail
to observe the potential dose–response association between BMI and disease outcomes. A study in low cardiometabolic
risk populations reported an increased risk of IR when BMI was ≥ 23 kg/m,231 which indicates that an increase in BMI
has a significant association with an increased risk of IR even within the normal range, and some high-risk individuals
may be ignored if the risk of IR is assessed based on the BMI categories. The results of the restricted cubic spline in this
study show that the relationship between BMI and IR is linearly positive, and there is no significant threshold effect,
suggesting that an appropriate weight loss is beneficial for reducing the risk of IR regardless of the presence or absence
of obesity.

Several studies have shown that the TyG index is an independent predictor of IR-related diseases, such as diabetes,
metabolic syndrome, and cardiovascular disease.32–34 Moreover, the TyG index can identify individuals with higher
metabolic risk among people with normal BMI.35 Although METS-IR, SPISE, VAI, and LAP include four parameters,
their performance in diagnosing metabolic abnormalities was lower than TyG composed of two indicators.36–38 The
above studies suggested that the TyG index has a strong ability to identify metabolic disorders. A cross-sectional study
with a large-scale sample in China showed that the TyG index has the most significant association with HOMA-IR.4

However, novel obesity-related indices such as BRI, ABSI, and CI were not accounted for in the study of Du et al,4 and
only the Han population was involved. To the best of our knowledge, this association has not yet been explored in the
Kazakh population. Compared to other lipid-related and obesity-related indicators, our study confirmed that the TyG
index has the highest association with IR. There are three possible reasons why the TyG index outperformed the other
indices. First, the TyG index combines TG and FPG levels, which are both hallmarks of IR. Second, the TyG index is
closely related to cytokines such as adiponectin and C-reactive proteins,39 which play a crucial role in IR progression.
Third, visceral fat accumulation, characterized by intense lipolytic activity, seems to be the reason for IR,40 and the TyG
index is a good marker of visceral fat accumulation.

A risk model that uses low-cost, easy-to-measure variables was developed and validated, and at the same time, an
application was developed to facilitate the use of the model in clinical practice, to help with individual evaluation of IR.
This study has a few limitations. First, it was not possible to determine the causality between the studied variables and IR
because of the cross-sectional design. Second, the subjects in the present study were Kazakhs from Northwest China.
Therefore, the generalizability of our results to other ethnicities remains uncertain. Finally, we only analyzed limited
number of factors, and the inclusion such as family history of diabetes and physical activity might prove to be valuable.

Conclusion
Overall, among all lipid- and obesity-related markers investigated, the TyG index and BMI were most strongly correlated
with IR. Our model, including smoking, gender, BMI, and the TyG index as risk factors, had a reasonable degree of
discrimination, calibration, and clinical usefulness. Furthermore, to diagnose IR in the early stages and thereby prevent
IR-related diseases, close attention should be paid to people with these risk factors.

Abbreviations
CVD, cardiovascular disease; LASSO, least absolute shrinkage and selection operator; SBP, systolic blood pressure; DBP,
diastolic blood pressure; WC, waist circumference; BMI, body mass index; HDL-C, high-density lipoprotein cholesterol;
LDL-C, low-density lipoprotein cholesterol; TC, total cholesterol; TG, triglycerides; BMI, body mass index; WC, waist
circumference; HC, hip circumference; WHR, waist-hip ratio; WHtR, waist-to-height ratio; VAI, visceral adiposity index;
LAP, lipid accumulation product; CoI, conicity index; BRI, body roundness index; ABSI, a body shape index; TyG,
triglyceride-glucose; METS-IR, metabolic Score for Insulin Resistance; SPISE, single point insulin sensitivity estimator.
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