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of inflammatory indicators
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Xianglong Liu1, Yuhao Zhou1, Yu Zhao1* and Feng Li2*

1School of Public Health, Ningxia Key Laboratory of Environmental Factors and Chronic Disease
Control, Ningxia Medical University, Yinchuan, China, 2Center of Laboratory Medicine, General Hospital
of Ningxia Medical University, Yinchuan, Ningxia, China
Background: The triglyceride-glucose (TyG) index is a reliable surrogate marker

of insulin resistance and has been closely linked to type 2 diabetes mellitus (T2DM)

risk. However, it remains unclear whether the TyG index is nonlinearly associated

with cross-sectional glycemic status categories, from normal glucose to T2DM,

and whether inflammatory indicators may partly account for this association. We

therefore aimed to examine this nonlinear association and to estimate potential

indirect associations through inflammatory indicators.

Methods: A retrospective analysis of cross-sectional data was conducted,

including 1,117 participants. Generalized additive models (GAM) combined with

restricted cubic spline (RCS) regression were used to examine the nonlinear

association between the TyG index and stages of glucose metabolism. Stage

specificity analyses were performed across normal glucose, impaired fasting

glucose (IFG), impaired glucose tolerance (IGT), combined IFG and IGT, and

T2DM. In exploratory cross-sectional indirect association analyses, inflammatory

markers accounted for part of the cross-sectional association between the TyG

index and glycemic outcomes.

Results: A significant nonlinear relationship was identified between the TyG index

and T2DM (P < 0.05), with an inflection point at TyG = 9.14. The TyG index showed

a progressively increasing trend across advancing disease stages. In exploratory

cross-sectional analyses of potential indirect associations, only MLDLR and

NLDLR exhibited significant statistical indirect associations linking the TyG index

to 2-hour postprandial plasma glucose (2hPG). However, because all variables

were measured concurrently, causal mediation cannot be inferred. These

exploratory findings may warrant further investigation in longitudinal studies,

particularly across early stages of dysglycemia.

Conclusions: The TyG index was nonlinearly associated with cross-sectional

glycemic categories. Exploratory cross-sectional mediation analyses further

revealed statistically significant indirect associations through MLDLR and NLDLR

in the TyG index–2hPG relationship. These observations suggest that
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inflammatory markers may be related to glycemic deterioration primarily via

postprandial-related pathways in early dysglycemia, although causal inference

cannot be drawn from cross-sectional data. These findings are hypothesis-

generating and support the prospective evaluation of the TyG index for risk

stratification in primary-care settings.
KEYWORDS

inflammatory indicators, mediating effect, triglyceride-glucose index, type 2 diabetes

mellitus, type 2 diabetes mellitus staging
1 Introduction

Diabetes is a chronic metabolic disorder characterized by

persistently high levels of blood glucose due to a deficiency in

insulin secretion or a dysfunction of its biological effects (1). It is

estimated that the global number of people with diabetes will rise

from over 500 million (approximately 6% prevalence) to more than

1 billion (approximately 10%) by 2050, among which the prevalence

rate of type 2 diabetes mellitus (T2DM) will account for more than

90% (2). Given the progressive onset of T2DM, prevention and

early diagnosis are of vital importance (3).

In 2019, The Lancet Diabetes & Endocrinology published a

classic study on diabetes prevention in Daqing, China. If prediabe-

tes is not intervened in, about 7% of individuals with prediabetes

will develop T2DM each year, and the cumulative incidence of

T2DM among prediabetic individuals after 30 years is as high as

95.9% (4). According to a report in the New England Journal of

Medicine in 2002, intensive lifestyle intervention can significantly

reduce the incidence of diabetes by 58% over nearly three years (5).

Thus, the research hotspot has shifted from clinical diagnosis of

diabetes to the critical prediabetic stage.

Insulin resistance is the critical pathophysiological mechanism in

the onset and progression of prediabetes. Metabolic disorders medi-

ated by obesity are the most significant risk factor for insulin

resistance (6). The TyG index is calculated from fasting blood glucose

and fasting triglyceride levels (7). As a simple and readily accessible

surrogate marker of insulin resistance, numerous epidemiological

studies have confirmed its strong association with diabetes risk. Most

studies operationalize diabetes outcomes as a binary variable, distin-

guishing merely between incidence and non-incidence. For instance,

Low et al., in a community-based cohort study, used only fasting

plasma glucose ≥ 7.0 mmol/L or use of antihyperglycemic medica-

tions as the diabetes endpoint and analyzed it based on the Cox

proportional hazards model (8). However, this approach ignores the

continuous, stepwise progression from normal glucose metabolism to

prediabetes and then to clinical diabetes, and cannot assess the stage-

specific impact of the TyG index on transition risk across different

stages. Thus, in this study, the TyG index was selected as the

independent variable to further explore its association with cross-

sectional glycemic status categories.

Obesity may lead to adipose tissue accumulation and hypertro-

phy, resulting in tissue hypoxia and cellular stress, which in turn

trigger the release of various pro-inflammatory cytokines and

hormones (9). These substances impair insulin signaling, reduce

glucose uptake and utilization efficiency, disrupt normal glucose
02
metabolism, and thereby increase the risk of T2DM (10).

Inflammatory indicators represent one key mechanistic pathway

(11). Although the association between insulin resistance and

chronic low-grade inflammation has been widely confirmed, and

studies have shown that an elevated TyG index is significantly

correlated with increased levels of various inflammatory markers,

including high-sensitivity C-reactive protein (hs-CRP) and inter-

leukin-6 (IL-6), it remains unclear which inflammatory markers

may partly explain the association between the TyG index and

glycemic outcomes, and whether such indirect associations differ

across cross-sectional glycemic categories (12). Although some

studies have conducted mediation analyses, these studies were

largely limited to specific subgroups, such as pregnant women

with gestational diabetes, and examined inflammatory markers as

outcomes rather than cross-sectional glycemic categories, from

normal glucose to T2DM (13). Accordingly, the present study

systematically evaluates 12 routinely available composite inflam-

matory indicators as potential mediators between the TyG index

and 2-hour postprandial glucose across the full spectrum of

glycemic stages.

This study conducted a retrospective cross-sectional analysis

with the aim of achieving the following goals: firstly, to assess the

association between the TyG index and cross-sectional glycemic

status categories; secondly, to quantify the possible statistical

indirect association through inflammatory indicators in the rela-

tionship between the TyG index and 2-hour postprandial plasma

glucose (2hPG). By addressing these questions, this study can

generate hypothesis-driven evidence for evaluating the TyG index

in stage-stratified T2DM risk prediction and offer insights for

inflammation-targeted interventional research. It should be empha-

sized that the glycemic stages examined in this study were defined

from concurrent laboratory values in a cross-sectional design. The

pathways described below represent the hypothesized natural-

history sequence of T2DM used to organize stage-specific compar-

isons, and do not constitute longitudinal follow-up of individ-

ual participants.
2 Subjects and methods

2.1 Study subjects

This is a retrospective cross-sectional study. All laboratory

measurements used to compute the TyG index and to assess
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inflammatory mediators, fasting plasma glucose, and 2-hour post-

prandial plasma glucose were obtained from blood specimens

collected during a single clinical encounter per participant. No

temporally separated repeated measurements or follow-up data

were available. Participants were recruited from the General

Hospital of Ningxia Medical University between January 2022

and December 2025. The inclusion criterion was completion of a

2hPG test. A total of 1,136 individuals with 2hPG data were initially

identified. After excluding 19 duplicate records, 1,117 participants

were retained. Among these, 2hPG data were complete for all

participants. Missing data were present in other covariates: FPG

(88 missing, 7.9%), triglycerides (582 missing, 52.0%), and periph-

eral blood cell counts (475 missing, 42.5%). Complete data for all

covariates were available for only 394 participants (35.3%). (The

inclusion and exclusion flowchart can be found in Supplementary

Figure A1 in the supplementary.) Missing values were handled

using multiple imputation, and all subsequent statistical analyses

were performed on the multiply imputed dataset.
2.2 Methods

2.2.1 Definition of the TyG index

The TyG index was calculated using the following formula:

TyG index = ln [fasting TG (mg/dL) × fasting glucose (mg/dL)]/

2 (7).

2.2.2 Definition of cross-sectional glycemic
categories from normal glucose to T2DM

1. Normal Glucose Tolerance (NGT): Fasting plasma glucose

(FPG) is less than 5.6, and the 2hPG is lower than

7.8 millimoles per liter.

2. Impaired Fasting Glucose (IFG): FPG is between

5.6 mmol/L and 6.9 mmol/L (inclusive of 5.6 mmol/L and

exclusive of 6.9 mmol/L), or 2hPG is less than 7.8 mmol/L.

3. Impaired Glucose Tolerance (IGT): FPG is less than

5.6 mmol/L, or 2hPG ranges from 7.8 mmol/L to 11.0

mmol/L.

4. Impaired Glucose Tolerance and Impaired Fasting Glucose

(IGT + IFG): FPG is between 5.6 mmol/L and 6.9 mmol/L

(inclusive of 5.6 mmol/L and exclusive of 6.9 mmol/L), or

the 2hPG ranges from 7.8 mmol/L to 11.0 mmol/L.

5. Type 2 Diabetes Mellitus (T2DM): FPG is greater than or

equal to 6.9 mmol/L, and the 2hPG is greater than

11.0 mmol/L (14).

These are cross-sectional glycemic categories and are not

treated as longitudinally observed transitions.

2.2.3 Definition of the inflammation index

1. AISI (15) = (Neutrophil count × Platelet count × Monocyte

count)/Lymphocyte count;

2. SIRI (16) = (Neutrophil count × Monocyte count)/

Lymphocyte count;
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3. NMLR (17) = (Monocyte count + Neutrophil count)/

Lymphocyte count;

4. MLR (18) = (Monocyte count/Lymphocyte count);

5. NLR (19) = (Neutrophil count/Lymphocyte count);

6. SII (20) = (Platelet count × Neutrophil count)/

Lymphocyte count;

7. LHR (21) = (Lymphocytes/HDL);

8. LLR (21) = (Lymphocytes * LDL);

9. MHR (22) = (Monocytes/HDL);

10. MLDLR (22) = (Monocytes * LDL);

11. NLDLR (23) = (Neutrophils * LDL);

12. NHDLR (23) = (Neutrophils/HDL).
2.2.4 Covariates

Covariates were selected based on a multivariable conceptual

model of factors potentially influencing the TyG index and diabetes

diagnosis. The covariates in this study included demographic and

health-related variables, such as age (years), sex (male or female),

total cholesterol (TC), high-density lipoprotein cholesterol (HDL-

C), low-density lipoprotein cholesterol (LDL-C), and 2hPG.

2.2.5 Statistical analysis

Based on the distribution characteristics of continuous vari-

ables, means and standard deviations were calculated for normally

distributed variables, whereas medians and interquartile ranges

(IQRs) were reported for skewed continuous variables. For cate-

gorical variables, frequencies and percentages were calculated.

To evaluate the nonlinear relationship between the TyG index

and cross-sectional glycemic status categories, this study applied

generalized additive models (GAM) regression with smooth curve

fitting to determine the optimal number of knots. Based on the

optimal number of knots, restricted cubic spline (RCS) curves were

plotted to test the statistical significance of nonlinearity and identify

inflection point values, thereby informing clinical decision-making.

Statistical rationale for the TyG inflection point. We specified the

analytic logic as follows: we first identified the optimal number of

knots from GAM smoothing, and then fitted RCS curves based on

this optimal knot number to (i) test the statistical significance of the

nonlinearity (edf and P-value) and (ii) mathematically identify the

inflection point (the TyG value at which the slope of the dose-

response curve changes most markedly, here TyG = 9.14). This

inflection point is a data-driven estimate intended to inform risk

stratification, and we now explicitly frame it as hypothesis-gener-

ating rather than a definitive clinical threshold.

Subgroup analyses were conducted using the fitted RCS model

to assess heterogeneity, examine the consistency of the nonlinear

association across different population subgroups, and enhance the

generalizability of findings. GAM curves were generated for each

cross-sectional glycemic status categories to enable stage-specific

evaluation. Line graphs and box plots were constructed to facilitate

path-specific analysis of these cross-sectional glycemic stages. To

assess the reliability of the imputation procedure, we compared the

main effect estimates from the imputed dataset with those from the
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complete-case analysis (n = 394). The results were consistent in

terms of direction and statistical significance (Supplementary

Table S3).

We employed two mediation methods to explore possible

indirect associations through inflammatory indicators. First, the

indirect mediating effect was quantified via regression path decom-

position; second, the stability and statistical significance of the

indirect effect were assessed using Quasi-Bayesian approximation

with 1000 simulation iterations. If the mediating effect simulta-

neously meets the following two conditions, it is considered to be

statistically significant: (1) In traditional regression analysis, both

the coefficient a (effect of the TyG index on the inflammatory

indicator, X→M) and the coefficient b (effect of the inflammatory

indicator on stage transition risk after controlling for the TyG

index, M→Y) were significant at the P < 0.05 level. (2) The 95%

confidence interval of the indirect effect derived from the Quasi-

Bayesian approximation excluded zero. In this model, coefficient c’

represents the direct effect of the independent variable X on the

dependent variable Y after adjusting for inflammatory indicators

(X→Y). The indirect effect ACME is obtained by multiplying a

and b.

Mediation analyses were conducted using the R software

(version 4.5.3; R Foundation for Statistical Computing, https://

www.r-project.org). Linear regression models were applied for

path decomposition. The R package “mediation” was used to

conduct mediation effect testing based on 1000 Quasi-Bayesian

simulation iterations, with robust standard errors specified for all

models. The standardized path coefficients were extracted using the

“lavaan” package. Statistical significance was defined as a two-sided

P < 0.05. To correct for multiple comparisons, the Benjamini-

Hochberg (BH) method was applied to control the false discovery

rate (FDR) (more details see Supplementary Figure A2 in the

supplementary). Because all variables were measured concurrently

in this cross-sectional design, our mediation analysis is exploratory

and cannot establish temporal ordering or causality. Therefore, the

indirect estimates are interpreted as statistical indirect associations

rather than causal mediation effects.
3 Results

3.1 Baseline characteristics of participants

The demographic and clinical baseline characteristics of the

study participants are presented in Table 1. This table displays the

distribution of variables across TyG index quartiles (Q1–Q4) and

the corresponding P-values for interquartile differences. Age distri-

bution exhibited an inverted U-shaped pattern. TyG index levels

were highest among middle-aged participants (Q2–Q3) and lower

among younger and older participants (Q1 and Q4). As TyG index

values increased across quartiles, the proportion of males increased

progressively, whereas the proportion of females decreased

(P < 0.001), suggesting that insulin resistance may be more

prevalent or pronounced in men than in women. With increasing

TyG index quartile, FPG, 2hPG, and hemoglobin A1c (HbA1c)
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showed significant upward trends (all P < 0.001), indicating a strong

association between the TyG index and severity of dysglycemia. The

TyG index was significantly associated with the lipid profile:

participants in the highest TyG index quartile (Q4) exhibited classic

insulin resistance-associated dyslipidemia, elevated triglycerides,

and reduced HDL-C. The association between the TyG index and

systemic inflammation appears to be primarily mediated through

the lipid metabolism pathway rather than exclusively via hemato-

logic inflammatory markers. Finally, a significant dose-response

relationship was observed between the TyG index quartile and

T2DM prevalence (P < 0.001).

3.2 Nonlinear relationship between TyG
index and T2DM

As shown in Figure 1a, the GAM smoothing curve demon-

strates that the predicted probability of T2DM increases with the

TyG index. After adjusting for age, sex, 2hPG, TC, HDL, and LDL,

the association between the TyG index and T2DM risk remains

statistically significant (edf = 3.27, P < 0.001), which indicates a

nonlinear relationship. Figure 1b presents the RCS curve with four

knots, which identifies an inflection point at TyG = 9.14. When the

TyG index exceeds 9.14, the risk of T2DM (expressed as odds ratio)

increases rapidly with rising TyG index values, and the overall

nonlinear association is statistically significant (P < 0.001).

To explore the stability and heterogeneity of the association

between the TyG index and T2DM, as given in Figure 2, subgroup

analyses were performed by age, sex, 2hPG, TC, HDL, and LDL,

respectively. We observed that the overall result presented was

largely consistent. This indicates that the association is robust and

not substantially influenced by subgroup-specific characteristics.

3.3 Nonlinear association between the TyG
index and cross-sectional glycemic status
categories

As shown in Figure 1, the results indicate a nonlinear associ-

ation between the TyG index and cross-sectional glycemic status

categories. Specifically, in the early stage of insulin resistance, the

increase in diabetes risk is not statistically significant. When the

TyG index exceeds a specific threshold, a significant association

emerges. However, when the TyG index reaches very high levels,

this association plateaus. To investigate whether this pattern is

consistent with the role of insulin resistance across the glycemic

spectrum and its association with dysglycemia, we performed stage-

specific analyses across cross-sectional glycemic categories. The

results are shown in Figure 3.

The lower the TyG index, the higher the probability of normal

glucose tolerance. Conversely, as the TyG index increases, the

probability of maintaining normoglycemia may decrease signifi-

cantly. With increasing TyG index, the probabilities of IFG and IGT

also decline, which implies that the TyG index may be associated

with a broader spectrum of metabolic abnormalities. However, the

confidence intervals for these three stages are relatively wide, likely

due to insufficient sample size. In the IFG+IGT stage, the curve

initially rises slightly with increasing TyG index, then declines
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rapidly, and stabilizes when the TyG index reaches approximately

10. This suggests that, at low TyG index values, the probability of

abnormal mixed glucose metabolism is slightly elevated, as the TyG

index increases, this probability decreases markedly. The T2DM

stage curve continues to rise with increasing TyG index and remains

high in the upper TyG index range. These findings indicate that the

TyG index can serve as an effective indicator for identifying

individuals at high risk of diabetes. A high TyG index is associated

with greater odds of the T2DM phenotype among those with

prediabetic glucose abnormalities.

As shown in Figure 4, we also illustrate how the TyG index

changes across cross-sectional glycemic stages:
Frontiers in Endocrinology 05
Pathway 1: NGT→IGT→T2DM. Starting from the low value in

the NGT stage, it slightly rises in the IGT stage, and reaches the

most significant jump in the T2DM stage, reaching the peak. This

indicates that during the conversion process from IGT to T2DM,

the TyG index experiences the most significant increase.

Pathway 2: NGT→IFG→T2DM. This path indicates that when

IFG progresses to T2DM, the TyG index shows a stable and

continuous upward trend. Compared to path 1, its rising pace is

more gradual, but the cumulative effect is significant.

Pathway 3: NGT→IFG+IGT→T2DM. This pathway is similar

to Pathway 2, but the IFG+IGT stage is the critical point where the

TyG index rises. Once this stage is entered, the TyG index is already
TABLE 1 Baseline characteristics of participants.

Variable
Quartiles of TyG index

P-value
Q1 (n =280) Q2 (n = 279) Q3 (n = 279) Q4 (n = 279)

TyG 8.34 ± 0.27 8.93 ± 0.12 9.37 ± 0.15 10.18 ± 0.55 <0.001

Age 49.09 ± 16.98 52.57 ± 15.16 52.26 ± 14.63 47.76 ± 14.42 <0.001

Sex (%) <0.001

Male 42.9% 47.7% 54.8% 63.8%

Female 57.1% 52.3% 45.2% 36.2%

FPG [mmol/L] 5.50 ± 1.06 6.36 ± 1.41 6.97 ± 1.90 8.80 ± 8.05 <0.001

2hPG
[mmol/L]

9.42 ± 3.72 11.40 ± 4.47 13.07 ± 4.71 14.41 ± 5.94 <0.001

HbA1c 6.18 ± 1.04 6.53 ± 1.24 6.95 ± 1.66 7.58 ± 1.92 <0.001

TG [mmol/L] 1.01 ± 0.27 1.56 ± 0.34 2.25 ± 0.56 4.83 ± 3.23 <0.001

TC [mmol/L] 4.22 ± 1.10 4.31 ± 1.13 4.51 ± 1.10 5.13 ± 1.28 <0.001

HDL [mmol/L] 1.18 ± 0.31 1.10 ± 0.28 1.03 ± 0.27 0.91 ± 0.24 <0.001

LDL [mmol/L] 2.59 ± 0.87 2.70 ± 0.93 2.78 ± 0.92 2.89 ± 0.91 0.002

AISI
198.12

(108.72,340.07)
206.50

(115.29,370.42)
205.98

(115.11,374.17)
234.00

(131.28,375.92)
0.585

NLR 1.82 (1.42,2.93) 1.88 (1.47,3.03) 1.87 (1.54,3.06) 1.87 (1.54,2.80) 0.603

MLR 0.23 (0.16,0.32) 0.24 (0.16,0.32) 0.23 (0.16,0.31) 0.24 (0.18,0.33) 0.392

NMLR 2.03 (1.35,3.05) 2.12 (1.46,3.15) 2.11 (1.45,3.07) 2.13 (1.58,2.94) 0.639

SIRI 0.86 (0.45,1.40) 0.91 (0.46,1.46) 0.93 (0.56,1.43) 0.97 (0.57,1.50) 0.590

SII
440.74

(296.86,629.18)
446.69

(287.44,710.69)
421.97

(275.06,672.62)
465.10

(301.35,705.42)
0.411

LHR 1.68 (1.25,2.32) 1.84 (1.38,2.44) 2.06 (1.48,2.81) 2.36 (1.75,3.33) 0.111

LLR 5.01 (3.47,7.28) 5.30 (3.49,7.56) 5.57 (3.67,7.89) 5.86 (3.94,8.53) 0.336

MHR 0.45 ± 0.25 0.51 ± 0.30 0.55 ± 0.31 0.62 ± 0.31 <0.001

MLDLR 1.25 ± 0.62 1.39 ± 0.75 1.42 ± 0.75 1.51 ± 0.74 <0.001

NLDLR 10.45 ± 6.32 11.11 ± 6.62 12.32 ± 7.87 12.99 ± 7.75 <0.001

NHDLR 3.78 ± 2.75 4.11 ± 2.73 4.76 ± 3.45 5.36 ± 3.22 <0.001

T2DM <0.001

No 92.9% 78.1% 64.5% 49.1%

Yes 7.1% 21.9% 35.5% 50.9%
TyG, triglyceride-glucose; FPG, fasting plasma glucose; 2hPG, 2-hour postprandial plasma glucose; HbA1c, hemoglobin A1c; TG, triglycerides; TC, total cholesterol; HDL, high-density
lipoprotein cholesterol; LDL, low-density lipoprotein cholesterol; T2DM, type 2 diabetes mellitus; AISI = (Neutrophil count × Platelet count × Monocyte count)/Lymphocyte count; SIRI =
(Neutrophil count × Monocyte count)/Lymphocyte count; NMLR = (Monocyte count + Neutrophil count)/Lymphocyte count; MLR = (Monocyte count/Lymphocyte count); NLR = (Neutrophil
count/Lymphocyte count); SII = (Platelet count × Neutrophil count)/Lymphocyte count; LHR = (Lymphocytes/HDL); LLR = (Lymphocytes * LDL); MHR = (Monocytes/HDL); MLDLR =
(Monocytes * LDL); NLDLR = (Neutrophils * LDL); NHDLR = (Neutrophils/HDL).
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FIGURE 1

Nonlinear relationship between TyG index and T2DM. (a) GAM smoothing curve showing the predicted probability of T2DM across TyG index values.
(b) Restricted cubic spline (RCS) curve with 4 knots, identifying an inflection point at TyG = 9.14. Models were adjusted for age, sex, 2hPG, TC, HDL,
and LDL. GAM, generalized additive model; RCS, restricted cubic spline; T2DM, type 2 diabetes mellitus; TyG, triglyceride-glucose; 2hPG, 2-hour
postprandial plasma glucose; TC, total cholesterol; HDL, high-density lipoprotein cholesterol; LDL, low-density lipoprotein cholesterol.
FIGURE 2

Subgroup analysis of the nonlinear relationship between TyG index and T2DM. (a) stratified by Age, (b) stratified by Sex, (c) stratified by 2hPG,
(d) stratified by TC, (e) stratified by HDL, (f) stratified by LDL. TyG, triglyceride-glucose; T2DM, type 2 diabetes mellitus; 2hPG, 2-hour postprandial
plasma glucose; TC, total cholesterol; HDL, high-density lipoprotein cholesterol; LDL, low-density lipoprotein cholesterol.
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at a relatively high level, and the risk of developing T2DM

increases significantly.

Pathway 4: NGT→IFG→IFG+IGT→T2DM. This stage shows

a gradual increase from the NGT stage to the IFG stage, becomes

relatively stable from the IFG stage to the IFG+IGT stage, and then

experiences explosive growth in the T2DM stage.

Pathway 5: NGT→IGT→IFG+IGT→T2DM. This trend grad-

ually rises from NGT to IGT, accelerates from IGT to IFG+IGT, and

reaches its peak in the T2DM stage.

As diabetes progresses from normal glucose tolerance through

various prediabetes stages (IGT, IFG, and IFG+IGT) to T2DM, the

TyG index shows a significant and robust upward trend (P = 0.000),

peaking in the T2DM stage. In Figure 4f, the Kruskal–Wallis test

indicates a significant difference in the distribution of the TyG index

across cross-sectional glycemic stages (c²(4)=158.66, P < 0.001),

and the effect size is moderate (e² ≈ 0.14). The TyG index shows a

significant gradient change across cross-sectional glycemic stages.

The TyG index in the T2DM group was significantly higher than

that in all other groups, and may serve as a key metabolic

characterist ic for dist inguishing T2DM from predia-

betic conditions.

3.4 Exploratory analysis of inflammatory
indicators for indirect associations

To explore potential inflammatory factors associated with

glycemic phenotypes across cross-sectional glycemic stages, this

study constructed 12 inflammatory indicators as possible mediating

variables. We employed 2hPG as continuous outcome variable to

quantitatively assess the indirect effect of these inflammatory

indicators on the relationship between the TyG index and blood
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glucose levels. All models were adjusted for the covariates of age

and sex.

Quantitatively, for 2hPG, each one-unit increase in the TyG

index was associated with a significant indirect increment of 0.070

units (95% CI: 0.019–0.130, corrected P = 0.048) through MLDLR,

and 0.060 units (95% CI: 0.016–0.124, corrected P = 0.048) via

NLDLR. The results are shown in Figure 5. These positive indirect

effects may suggest that an elevated TyG index is associated with

increased levels of these inflammatory factors, which may contrib-

ute to elevated 2hPG levels. The indirect effects of the other

inflammatory factors were not statistically significant after multiple

test corrections (all P > 0.05). (For more details, please refer to

Supplementary Tables S1, S2 in the Supplementary Material).

As a sensitivity analysis, we repeated the exploratory mediation

analyses using the complete-case subset (n=394). In this subset,

none of the 12 inflammatory indicators showed statistically signif-

icant mediating effects. This discrepancy is likely attributable to

reduced statistical power in the smaller sample (n=394) compared

with the imputed dataset (n=1,117). The complete-case results are

provided in Supplementary Table S4.
4 Discussion

The progression of T2DM is not a uniform process; it may

follow distinct pathophysiological pathways that evolve across

different disease stages. The etiology of chronic non-communicable

diseases is intricate and multifactorial, with dynamic interactions

among multiple factors (24). This nonlinear pattern suggests that

simple linear models cannot adequately describe the association and
FIGURE 3

The GAM smooth curve of the TyG index and cross-sectional glycemic stages. (a) Normal Glucose Tolerance (n=178), (b) Impaired Fasting Glucose
(n=60), (c) Impaired Glucose Tolerance(n=109), (d) Mixed Glucose Intolerance(n=126), (e) Type 2 Diabetes Mellitus(n=644). GAM, generalized
additive model; TyG, triglyceride-glucose; T2DM, type 2 diabetes mellitus; NGT, normal glucose tolerance; IFG, impaired fasting glucose; IGT,
impaired glucose tolerance.
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underscores the importance of considering heterogeneity across

cross-sectional glycemic categories. In this study, we focused on

identifying whether the TyG index exhibits stage-specific nonlinear

patterns across different hypothesized pathways of glycemic

dysregulation. These analyses confirmed a significant nonlinear

association: across successive cross-sectional glycemic stages, the

TyG index shows a markedly upward trend that varies in slope and

magnitude depending on the glycemic pathway. We further exam-

ined whether inflammatory indicators are involved in the observed

nonlinear associations via indirect statistical links. Exploratory

analyses of indirect associations suggested that inflammatory indi-

cators may partly explain the association between the TyG index

and cross-sectional glycemic categories. These indirect associations

appeared to be category-specific and indicator-dependent.

Although the hyperinsulinemic-euglycemic clamp (HEC) tech-

nique is considered the gold standard for measuring insulin

resistance, it is technically demanding and costly, making it
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unsuitable for large-scale screening (25). In contrast, the TyG

index, as a surrogate marker of insulin resistance, is a simple

composite marker calculated from fasting plasma glucose and

fasting triglycerides, which reliably reflects insulin resistance (7).

Importantly, it does not require insulin measurement and relies

solely on routine biochemical parameters. It is simple to calculate,

cost-effective, and well suited for population-level screening, en-

abling early identification of individuals at high risk for T2DM and

facilitating timely intervention. Given that insulin resistance is a

primary pathophysiological driver of T2DM, using the TyG index

as the independent variable is methodologically sound.

RCS analysis estimated a data-driven inflection point for the

TyG index at approximately 9.14. Above this threshold, the prob-

ability of being in a more impaired glycemic category increased

sharply in a nonlinear manner. This threshold is derived from

routine clinical laboratory measurements and is associated with

cross-sectional glycemic categories. It may aid in risk stratification
FIGURE 4

Trends in the TyG index across cross-sectional glycemic categories. (a) Pathway: NGT→IGT→T2DM, (b) Pathway: NGT→IFG→T2DM, (c) Pathway:
NGT→IFG+IGT→T2DM, (d) Pathway: NGT→IFG→IFG+IGT→T2DM, (e) Pathway: NGT→IGT→IFG+IGT→T2DM, (f) Box plots of the TyG index across
cross-sectional glycemic categories. TyG, triglyceride-glucose; T2DM, type 2 diabetes mellitus; NGT, normal glucose tolerance; IFG, impaired fasting
glucose; IGT, impaired glucose tolerance.
FIGURE 5

Path coefficient diagrams for the possible indirect effects of inflammatory indicators between the TyG index and 2hPG. (a1) Path coefficient diagram
with MLDLR as the mediating variable, (b1) Path coefficient diagram with NLDLR as the mediating variable. TyG, triglyceride-glucose; 2hPG, 2-hour
postprandial plasma glucose; MLDLR = (Monocytes * LDL); NLDLR = (Neutrophils * LDL). *P < 0.05.
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among individuals with prediabetes and, after prospective valida-

tion, could serve as a practical reference for primary care. Clinicians

in primary care settings should deliver early lifestyle interventions

and regular 2hPG monitoring for patients with a TyG index above

9.14 to screen T2DM high-risk individuals and improve the clinical

applicability of the TyG index. The findings align with those of

multiple cohort and cross-sectional studies. For example, Ola Taha

et al. reported in a prospective study that the TyG index was

strongly positively correlated with HbA1c, fasting plasma glucose,

HOMA-IR, and 2-hour postprandial glucose, and demonstrated

robust predictive ability for type 2 diabetes, impaired glucose

tolerance, impaired fasting glucose, and insulin resistance (26).

It is noteworthy that this study observed differentiated increases

in the TyG index across distinct hypothesized pathways of glycemic

dysregulation. In the NGT→IFG→T2DM pathway, the TyG index is

strongly associated with the long-term cumulative risk of impaired

fasting glucose, suggesting that the transition from normoglycemia to

T2DM may be more protracted than in the NGT→IGT→T2DM

pathway. In the latter pathway, the TyG index exhibits a pronounced

increase at the IGT stage and indicates that it is an early-warning

value for individuals with impaired glucose tolerance. The finding is

consistent with the view expressed in reference that the TyG index is a

useful biomarker for recognizing glucose metabolism disorders in

apparently healthy children and adolescents (27) while also support-

ing the notion that the TyG index is sensitive to early glucose

metabolism abnormalities (28). Furthermore, the TyG index is

markedly elevated in the IFG+IGT group, suggesting that coexisting

glycolipid metabolic disturbances exert a synergistic effect on lipid

metabolism. These results provide evidence to support clinical risk

stratification of high-risk populations.

The TyG index shows robust predictive performance and

consistent utility across all prediabetes stages, while also displaying

differential sensitivity to various glucose metabolism disorders. The

magnitude of its increase may reflect differences in insulin resis-

tance severity or nature under different pathological conditions.

Notably, the IFG+IGT stage marks the steepest rise in the TyG

index, representing a critical window for intervention. In Figure 4f,

certain pairwise differences between stages were not statistically

significant, suggesting either a gradual TyG increase during predi-

abetes with a sharp rise upon T2DM onset, or insufficient statistical

power due to sample size. These findings suggest the potential

utility of the TyG index as a continuous marker for differentiating

among cross-sectional glycemic categories.

A large body of prior evidence confirmed that IL-6 (29), IL-1b
(30), and TNF-a (31) were associated with glycemic dysregulation

in T2DM. Due to limited sample availability for measuring these

specific inflammatory markers, this study constructed a novel

composite inflammatory indicator. These constituent variables are

easily accessible and routinely measured in clinical practice.

Our exploratory analysis of indirect associations suggests that

MLDLR and NLDLR show significant positive indirect associations

in the relationship between the TyG index and 2hPG, with the

indirect association for MLDLR being slightly larger than that for

NLDLR. We speculate that an elevated TyG index may reflect

systemic glucose–lipid metabolic dysregulation and aggravated

insulin resistance, which could be linked to neutrophil proliferation
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(32), attenuated anti-inflammatory function of HDL (12), and

upregulation of MLDLR and NLDLR. These alterations might in

turn be associated with insulin resistance in skeletal muscle (33) and

impaired postprandial pancreatic function (34), potentially contrib-

uting to elevated 2-hour postprandial glucose levels. However, this

proposed pathway is speculative and requires experimental valida-

tion. Moreover, given the cross-sectional nature of the present data,

we cannot establish the temporal ordering among the exposure,

putative mediators, and outcomes. Therefore, the observed indirect

associations should be interpreted as exploratory, hypothesis-gen-

erating findings rather than as definitive evidence of causal medi-

ation. Reverse causation and unmeasured common-cause

confounding cannot be fully excluded. Large prospective longitu-

dinal studies with temporally separated measurements are needed

to validate the proposed mechanistic pathway.

While the TyG index and 2hPG both reflect insulin resistance

and glucose dysmetabolism, they capture distinct metabolic phe-

notypes. The TyG index integrates fasting triglycerides and fasting

glucose, mainly reflecting fasting-state insulin resistance driven by

glucolipotoxicity. In comparison, 2hPG focuses on postprandial

glucose homeostasis, reflecting dynamic glucose clearance capacity

and pancreatic b-cell compensatory secretory function after a

glucose load. Postprandial glycemic disturbance is an early and

pivotal abnormality across the glycemic spectrum of dysglycemia

and cannot be fully represented by fasting metabolic phenotypes

alone. Therefore, exploring the indirect association between the

TyG index and 2hPG involving inflammatory indicators helps

elucidate the potential mechanism by which chronic basal glyco-

lipid metabolic dysfunction exacerbates postprandial glycemic

dysregulation via inflammation. This provides novel epidemiolog-

ical evidence for understanding differences in glycemic status across

cross-sectional glycemic categories, from normal glucose to T2DM.

Nevertheless, our exploratory analysis of indirect associations

identified MLDLR and NLDLR as factors showing potential indirect

links in the association between the TyG index and 2hPG. As

composite inflammatory markers that are readily derivable from

routine complete blood counts and lipid panels, these two indicators

hold practical value for risk stratification in glucose metabolism

disorders and may inform adjunctive anti-inflammatory strategies in

individuals with elevated TyG index. Given their clinical accessibility,

future prospective intervention studies are warranted to validate

whether targeted modulation of MLDLR and NLDLR confers tangible

benefits in ameliorating dysglycemic phenotypes, which is a crucial

step before these markers can be translated into routine practice.

To further assess the robustness of the results and generalizability,

we conducted subgroup analyses stratified by age, sex, 2hPG, HDL-C,

TC, and LDL-C. Using 40 years as the cutoff (35), the TyG index

showed higher predictive accuracy for incident diabetes in the < 40-

year group, indicating better early-warning sensitivity in younger

individuals. Consistent with sexr-specific differences in fat distribu-

tion (36, 37), men exhibited a higher diabetes prevalence than women

at equivalent TyG index levels. For 2hPG glucose, the TyG index’s

peak risk association was attenuated when glucose < 7.8 mmol/L but

intensified when ≥ 7.8 mmol/L, suggesting that baseline glucose

status modulates its predictive performance. In TC-stratified analysis,

individuals with normal TC (< 5.18 mmol/L) had a significantly
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higher diabetes risk at equivalent TyG index levels than those with

elevated TC (≥5.18 mmol/L). Similarly, the risk curve for the normal

HDL-C group lay above that of the low HDL-C group. These findings

indicate that the TyG index has greater predictive value and sensi-

tivity to insulin resistance shifts in individuals without underlying

dyslipidemia, aligning with Sun et al. (2025) (38). In contrast, among

those with pre-existing dyslipidemia, diabetes risk is driven jointly by

lipid abnormalities and insulin resistance (10), thereby attenuating

the TyG index’s predictive signal. For LDL-C, individuals with high

LDL-C showed significantly elevated diabetes risk at matched TyG

index levels relative to those with normal LDL-C. This is consistent

with current literature: elevated LDL-C promotes hepatic and pe-

ripheral lipid deposition, impairing insulin signaling and exacerbat-

ing insulin resistance (39), while lipid overload activates systemic

low-grade inflammation contributing to pancreatic b-cell dysfunction
(40). These two processes may be related to the insulin resistance

reflected by the TyG index and were associated with more impaired

glycemic categories across cross-sectional glycemic status categories,

from normal glucose to T2DM.

This study has some limitations. First, regarding study design, it

is a retrospective analysis of cross-sectional data that can only

identify associations, rather than causal relationships, between the

TyG index and cross-sectional glycemic categories, from normal

glucose to T2DM. Additionally, the sample size is relatively small,

leading to wide confidence intervals and potentially imbalanced

subgroup distributions; thus, the robustness of the findings requires

further validation. Second, with respect to indicator accuracy,

fasting plasma glucose is subject to multiple physiological and

preanalytical confounders, which may attenuate the TyG index’s

predictive performance. Despite HbA1c being a stable and inte-

grated marker of glycemic exposure, its high rate of missing data

precluded its inclusion in this study. Future research should

investigate composite indices incorporating HbA1c for T2DM

risk prediction and carefully assess their agreement with the

hyperinsulinemic-euglycemic clamp technique as the diagnostic

reference standard. Third, we acknowledge the lack of complete

baseline medication records. While the use of first-visit laboratory

values minimizes the influence of chronic pretreatment, it does not

entirely exclude prior therapies prescribed outside our hospital,

leaving residual confounding as a possible limitation. We therefore

did not adjust for medication status in the mediation models, which

might affect the robustness of our estimates. Future prospective

studies incorporating comprehensive drug histories are warranted,

and additional analytical strategies, such as sensitivity analyses or

instrumental variable methods, could help further disentangle the

confounding effects of these medications on the mediating path-

ways. Fourthly, while the imputed dataset identified MLDLR and

NLDLR as significant mediators, this finding was not replicated in

the complete-case analysis (n=394), likely due to the substantially

smaller sample size and consequent loss of statistical power. This

discrepancy highlights the need for cautious interpretation and

further validation in larger prospective cohorts with complete data

collection. Fifth, because exposure, mediators and outcomes were

measured concurrently in this cross-sectional retrospective design,

our mediation analysis cannot verify temporal sequence, limiting

causal interpretation. Observed indirect effects are exploratory
Frontiers in Endocrinology 10
statistical associations rather than proven causal pathways. In

future studies, we intend to develop disease progression models

using routinely available clinical data, should conditions permit.

Validation of these findings would help streamline risk assessment

and facilitate precision intervention in diabetes prevention.
5 Conclusions

This study systematically examined the association between the

TyG index and diabetes across distinct prediabetes stages and

clarified the mediating role of inflammatory markers. GAM, RCS

analyses, and subgroup analyses consistently revealed a nonlinear

association between the TyG index and diabetes risk. In this cross-

sectional analysis, the TyG index was nonlinearly associated with

glycemic status categories, with higher TyG values observed in

categories reflecting greater glucose impairment and a data-driven

inflection point at approximately 9.14. This inflection point should

be regarded as hypothesis-generating pending prospective valida-

tion. The mediation analysis suggested exploratory indirect associ-

ations through MLDLR and NLDLR in the relationship between the

TyG index and 2hPG. These findings are consistent with, but do not

provide proof of, an inflammation-related pathway. Given the

cross-sectional design and the fact that the significant indirect

associations observed in the primary multiple-imputation analysis

were not reproduced in the complete-case analysis, these results

require confirmation in large prospective cohorts before application

in clinical or primary-care settings.
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