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Abstract
Objective This study aims to investigate the association between the Inflammatory Burden Index (IBI) and the 
prevalence of pre-diabetes (pre-DM) and diabetes mellitus (DM) in the U.S. population from 1999 to 2010. By 
analyzing relevant data collected during this period, the study seeks to understand IBI’s role in the onset of pre-DM 
and DM and its potential implications for public health.

Methods A cross-sectional analysis was conducted using data from the National Health and Nutrition Examination 
Survey (NHANES) between 1999 and 2010. A total of 29,554 participants were included, with diabetes status 
determined by self-reported diagnoses and clinical indicators (such as glycosylated hemoglobin and fasting blood 
glucose). The Inflammatory Burden Index (IBI) was calculated using C-reactive protein (CRP) multiplied by the 
neutrophil-to-lymphocyte ratio. The generalized additive model (GAM) was employed to examine the relationship 
between increasing IBI and the incidence of pre-DM and DM.

Result The study included 29,554 participants, with 14,290 (48.4%) men and 15,264 (51.6%) women, and a mean 
age of 48.3 years (SD = 19.1). The findings revealed a significant association between IBI and the risk of pre-DM and 
DM. In the fully adjusted model, a stronger relationship was observed between pre-DM, DM, and IBI. The prevalence 
of pre-DM and DM was significantly higher in the fourth quartile (Q4) compared to the first quartile (Q1), with a 26% 
prevalence of pre-DM and an 18% prevalence of DM when IBI was greater than 1.04.

Conclusion Our study demonstrates a significant correlation between IBI and the risk of pre-DM and DM in the U.S. 
population. Given these findings, we recommend that IBI be considered as a key indicator for the management and 
treatment of pre-DM and DM in clinical settings.
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Introduction
Pre-diabetes (Pre-DM) is a transitional stage preceding 
the onset of diabetes mellitus (DM), characterized by 
impaired fasting glucose (IFG) or impaired glucose tol-
erance (IGT), or a combination of both. It represents a 
hyperglycemic state lying between normoglycemia and 
DM, often referred to as the “undiseased” stage that is 
common to a variety of major diseases [1–2]. Effectively 
managing the Pre-DM population is critical for control-
ling or even reversing the progression to DM. Therefore, 
timely prediction and intervention are pivotal for Pre-
DM control and the tertiary prevention of DM. Diabetes 
mellitus (DM) is associated with increased incidence and 
mortality, reflecting an accelerated aging process. It is 
primarily characterized by elevated fasting blood glucose 
(FPG) levels or increased glycated hemoglobin (HbA1C) 
[3]. As a chronic condition, DM is now the eighth leading 
cause of permanent disabilities globally and has become 
a pressing public health issue [4]. In 2021, 529  million 
people worldwide were living with DM, and by 2050, this 
number is projected to rise to 1.31 billion [5]. Although 
the pathogenesis of DM is complex, insulin resistance 
(IR) is widely recognized as a primary contributor [6], 
though the precise mechanisms remain unclear.

Chronic low-grade inflammation in the body is closely 
linked to both Pre-DM and DM and is one of the key fac-
tors in the development of insulin resistance [7]. Chronic 
hyperglycemia damages various tissues, triggering the 
immune system and leading to persistent inflammation. 
This inflammation exacerbates insulin resistance, mak-
ing blood glucose control more difficult and creating a 
vicious cycle that can manifest as pre-diabetic symp-
toms. In individuals with DM, insulin action is impaired, 
preventing cells from properly absorbing glucose and 
resulting in elevated blood sugar levels. This metabolic 
imbalance activates the immune system, further driv-
ing chronic inflammation, which in turn impairs insu-
lin function and increases insulin resistance [8]. Several 
studies have indicated that DM is influenced by multiple 
factors, including genetics and lifestyle. Managing these 
risk factors is crucial for early prevention and risk con-
trol. With a better understanding of the differences in 
Pre-DM and DM burdens across populations and the 
common risk factors involved, more targeted and effec-
tive strategies can be developed to manage and reduce 
DM risk amidst complex contributing factors.

Hematological parameters are valuable indicators for 
assessing the severity and prognosis of various diseases. 
Inflammatory markers and hematological indicators can 
serve as direct or indirect measures of the body’s inflam-
matory status. One such marker is C-reactive protein 
(CRP), which is closely correlated with insulin resistance 
[9]. CRP inhibits insulin receptor tyrosine kinase activ-
ity and promotes the phosphorylation of insulin receptor 

substrates, thereby affecting insulin synthesis and secre-
tion in pancreatic islet cells, contributing to the develop-
ment of insulin resistance [10]. Elevated levels of TNF-α 
in DM patients also activate neutrophils, inducing the 
overexpression of nicotinamide adenine dinucleotide 
phosphate oxidase, leading to the generation of reactive 
oxygen species. These species, in turn, promote the for-
mation of neutrophil extracellular traps (NETs) [11]. The 
formation of NETs releases neutrophil elastase, which 
degrades the insulin receptor substrate 1, further exacer-
bating insulin resistance. Regarding lymphocytes, regula-
tory T cells (Tregs) play a significant role by inhibiting the 
production of gamma interferon and TNF-α by effector T 
cells through an IL-10-mediated pathway. Tregs can help 
prevent the onset of pre-diabetes and DM by inhibiting 
the pro-inflammatory response. T-lymphocyte subpopu-
lations are critical in defending against viral infections 
and modulating immune responses.

IBI is an emerging indicator that indirectly reflects the 
inflammatory imbalance in the body. It has been shown 
to predict conditions such as rheumatoid arthritis, all-
cause mortality [12], and aneurysmal subarachnoid hem-
orrhage [13]. IBI is calculated as CRP multiplied by the 
neutrophil-to-lymphocyte ratio. Previous studies have 
demonstrated that severe inflammatory imbalances may 
exist in individuals with abnormal glucose metabolism, 
including those with pre-diabetes (pre-DM) and diabe-
tes mellitus (DM) [14]. Additionally, composite inflam-
matory indices based on leukocyte subtypes, such as the 
systemic immune-inflammatory index (SII, calculated as 
neutrophils × platelets/lymphocytes) and the systemic 
inflammatory response index (SIRI, calculated as neu-
trophils × monocytes/lymphocytes), have shown value in 
predicting diabetes and its complications [15–16]. While 
these indices can predict the onset of diabetes to some 
extent, they still have limitations. Most notably, these 
composite inflammation indices typically exclude CRP, 
which is a crucial marker for assessing overall inflam-
mation in the body [17]. In contrast, IBI, as a composite 
inflammation index, offers a more stable and accurate 
assessment of inflammation. It provides a more com-
prehensive reflection of the body’s inflammatory burden 
and quantifies the current level of inflammation more 
precisely. Therefore, IBI may serve as a better indicator 
of the inflammatory state in a population than CRP, neu-
trophils, or lymphocytes alone. A study involving 6,369 
cancer patients demonstrated that IBI assessed high and 
medium-low inflammatory loads with the highest accu-
racy compared to other systemic inflammation biomark-
ers, positioning IBI as a potential predictive biomarker of 
inflammatory burden in cancer patients [18]. Further, a 
multicenter prospective cohort study in China confirmed 
that IBI was independently associated with overall sur-
vival and 90-day outcomes in patients with non-small 
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cell lung cancer, suggesting its role as an optimal systemic 
inflammation biomarker [19]. Additionally, a study by 
Xiong et al., which included 22,343 participants, showed 
that IBI, as a quantifier of inflammation, was positively 
associated with osteoarthritis and all-cause mortality 
[20].

Currently, no scholars have studied the relationship 
between IBI and pre-DM and DM. therefore, this study 
aimed to investigate the association between IBI and 
pre-DM and DM, and we utilized data from the National 
Health and Nutrition Examination Survey (NHANES), 
hypothesizing that there is a positive correlation between 
IBI and the risk of pre-DM and DM prevalence in the 
U.S. population in an effort to inform the diagnosis and 
treatment of pre-DM and DM or the prevention.

Materials and methods
Study population
The National Center for Health Statistics (NCHS) admin-
isters the National Health and Nutrition Examination 
Survey (NHANES), a nationwide program designed to 
assess the health and nutritional status of Americans. For 
this study, we utilized NHANES data from 1999 to 2010. 
The survey methodology was approved by the NCHS 
Research Ethics Review Board, and all participants pro-
vided signed, informed consent. From the total of 62,160 
participants from 1999 to 2010, we excluded individuals 
who lacked C-reactive protein (CRP) data (n = 14,723), 
individuals without neutrophil and lymphocyte count 
data (n = 211).

Diagnosis of DM and pre-DM
According to the 2021 Diabetes Healthcare Standards 
[21], the definition of DM can be confirmed based on any 
of the following criteria: 1) patient self-reported that he/
she was diagnosed with DM by his/her physician; 2) cur-
rently taking glucose-lowering medications or receiving 
insulin injections; 3) random blood glucose level equal 
or higher than 11.1 mmol/L; 4) glycated hemoglobin 
level equal or higher than 6.5%; 5) fasting blood glucose 
(FPG)) level equal or higher than 7.0 mmol/L; 6) a 2-hour 
blood glucose level equal or higher than 11.1 mmol/L on 
an oral glucose tolerance test (OGTT). The definition of 
pre-DM can be confirmed based on any of the follow-
ing criteria [21]: 1) patient self-reported that he/she was 
diagnosed with pre-DM by his/her physician; 2) glycated 
hemoglobin level equal or higher than 5.7% and lower 
than 6.5%; 3) fasting blood glucose (FPG) level equal or 
higher than 5.6 mmol/L and lower than 7.0 mmol/L; 4) 
a 2-hour blood glucose level equal or higher than 7.8 
mmol/L and lower than 11.1 mmol/L on an oral glucose 
tolerance test (OGTT)”.

Calculation of IBI
We calculated IBI by C-reactive protein times neutrophil 
count divided by lymphocyte count [12].

Venous blood samples were collected in the early 
morning during fasting for routine clinical chemistry 
testing. Neutrophils and lymphocytes in whole blood 
were analysed by the Coulter counter method and CRP 
was quantified by latex enhanced immunoturbidimetric 
assay.

 IBI = CRP ∗ neutrophils/lymphocyte s (mg/L)

Covariate
We included a comprehensive set of covariates that have 
been identified as strong predictors of pre-diabetes (pre-
DM) and diabetes mellitus (DM) risk in the literature 
[21–27]. These covariates include social and economic 
factors such as age, educational level, and marital status; 
health-related behaviors such as smoking and alcohol 
consumption; and personal health conditions includ-
ing heart disease, stroke, hyperlipidemia (cholesterol 
level > 240  mg/dL or triglycerides > 200  mg/dL) [28] and 
hypertension (systolic blood pressure ≥ 140 mmHg or 
diastolic blood pressure ≥ 90 mmHg) [29]. Race/ethnic-
ity was categorized into Mexican American, Other His-
panic, Non-Hispanic White, Non-Hispanic Black, and 
Non-Hispanic Asian. Educational level was categorized 
as below high school, high school or GED, and above 
high school. Marital status categories included Refused, 
Married, Widowed, Divorced, Separated, Never Mar-
ried, and Living with Partner. The Poverty-Income Ratio 
(PIR), which reflects household income status, was cal-
culated by dividing household (or individual) income by 
the applicable poverty threshold for the study year and 
was categorized as ≥ 1, ≤0.99, or Refused. For physical 
measurements, height and weight were recorded, and 
body mass index (BMI) was calculated as weight in kilo-
grams divided by height in meters squared, with BMI 
categorized as < 25  kg/m², 25–29.9  kg/m², and ≥ 30  kg/
m². Smoking status was classified as never smoker (fewer 
than 100 cigarettes lifetime), ex-smoker (smoked > 100 
cigarettes but not currently smoking), or current smoker 
(smoked > 100 cigarettes and smoking at the time of the 
survey). Drinking habits were categorized as < 12 drinks 
per year or ≥ 12 drinks per year (Table 1). Comprehensive 
measurement protocols for these variables are publicly 
available at  h t t p  s : /  / w w w  n .  c d c  . g o  v / n c  h s  / n h  a n e  s / a n  a l  y t i c 
g u i d e l i n e s . a s p x.

Statistical analysis
The mean, along with its minimum and maximum values, 
was used to represent continuous variables that followed 
a normal distribution. For variables with a skewed distri-
bution, the median and interquartile range (IQR) were 

https://wwwn.cdc.gov/nchs/nhanes/analyticguidelines.aspx
https://wwwn.cdc.gov/nchs/nhanes/analyticguidelines.aspx
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used. Categorical variables were presented as frequen-
cies and percentages. Differences in the Inflammatory 
Burden Index (IBI) between groups were compared using 
one-way analysis of variance (ANOVA), Kruskal-Wallis 
H test, chi-square test, or Fisher’s exact test. To assess 
the effect of IBI on the risk of pre-diabetes and diabetes 
onset, a binary logistic regression model was employed, 
and odds ratios (ORs) with their 95% confidence inter-
vals (CIs) were calculated. Demographic characteristics 
such as age, gender, and ethnicity, as well as adverse life-
style factors (e.g., smoking, alcohol consumption) and 
past medical history (e.g., hypertension, hyperlipidemia, 
stroke), were included as covariates to adjust for in the 
model. The relationship between IBI and pre-DM and 
DM was analyzed both as a continuous variable and as 
a quartile categorical variable. A generalized additive 
model (GAM) with natural splines was used to explore 
the non-linear relationship between IBI and pre-DM and 
DM. For non-linear relationships identified, a two-piece-
wise regression model based on smooth plot visualization 
was applied to determine the threshold effect of IBI on 
pre-DM and DM. Additionally, stratified analyses were 
performed based on gender, ethnicity, education level, 
marital status, poverty-to-income ratio, BMI, smoking 
status, drinking status, hypertension, hyperlipidemia, 
heart disease, and stroke. Multivariate logistic regression 
models were used to assess stratified heterogeneity and 
test for interactions.

All data analyses were conducted using the Free Statis-
tics analysis platform (version 1.9) and R Statistical Soft-
ware (version 4.2.2, available at  h t t p : / / w w w . R - p r o j e c t . o r 
g     , R Foundation) in Beijing, China. A two-sided p-value 
of less than 0.05 was considered statistically significant in 
the analysis.

Result
Baseline characteristics
Applying the inclusion and exclusion criteria resulted in a 
total of 29,554 participants, with a mean age of 48.3 years 
(SD = 19.1). Among the participants, 14,290 (48.4%) were 
male and 15,264 (51.6%) were female. Diabetes mellitus 
(DM) affected 14.2% of the participants, while 26.6% were 
diagnosed with pre-diabetes (pre-DM). Table  2 provides 
a detailed overview of the clinical characteristics of the 
participants, categorized by DM status.

The number of male patients was higher than that of 
females. Body mass index (BMI) was generally higher in 
patients with DM and pre-DM compared to those with-
out, suggesting that obesity may influence the onset 
of DM. The mean Inflammatory Burden Index (IBI) 
was 0.9 ± 1.3  mg/L, with the highest mean IBI found in 
patients with DM (IBI: 1.3 ± 1.6 mg/L). Additionally, the 
incidence of hyperlipidemia, hypertension, stroke, and 
coronary heart disease was significantly higher in this 
population.

And those missing information on pre-diabetes (pre-
DM) or diabetes mellitus (DM) status (n = 7,895). We 
excluded all participant in the NHANES who was aged 
18 years or younger (n = 9,777). After these exclusions, 
29,554 participants remained in the study (Fig. 1). Of the 
32,606 subjects excluded, 16,295 (50%) were male and 
16,311 (50%) were female. In terms of age distribution, 
26,781 were younger than 18 years, 4,123 were between 
18 and 60 years, and 1,779 were older than 60 years. 
Ethnically, 30.2% were Mexican American, 6.6% were of 
Other Hispanic origin, 31.2% were Non-Hispanic White, 
26.7% were Non-Hispanic Black, and 5.2% were Non-
Hispanic Asian.

Association between IBI and the prevalence of pre-DM
In the univariate logistic regression analysis, IBI, as a 
continuous variable, was significantly associated with the 
risk of pre-diabetes (pre-DM) (OR = 1.25, 95% CI = 1.22 to 

Table 1 The classifications of covariates
Covariates Classification
Gender Male; female
Age(year) ≥ 18
Race Mexican American; Other Hispanic; Non-Hispanic White; Non-Hispanic Black; Non-Hispanic Asian
Educational Level Less than high school; High school or GED; Above high school
Marital status Refused; Married; Widowed; Divorced; Separated; Never married; Living with partner
Poverty income ratio ≥ 1; ≤0.99; Refused
Drinking Status < 12 drinks/year; ≥12 drinks/year
Smoking Status Never; Now; Former
Body mass index < 25 kg/m2; 25–29.9 kg/m2; ≥30 kg/m2

Hyperlipidemic No; yes
Hypertension No; yes
Heart disease No; yes
Stroke No; yes

http://www.R-project.org
http://www.R-project.org
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Table 2 Characteristics of the study population, National health and nutrition examination survey (NHANES) 1999–2010 (N = 29,554)
Characteristic Symptom of diabetes
Variables Total Without pre-DM/DM Pre-DM DM p-Value
NO. 29,554 17,473 7872 4209
Age(year),
Mean ± SD

48.3 ± 19.1 42.0 ± 18.2 55.1 ± 17.5 61.9 ± 13.9 < 0.001

Gender, n (%) < 0.001
 Male 14,290 (48.4) 7889 (45.1) 4233 (53.8) 2168 (51.5)
 Female 15,264 (51.6) 9584 (54.9) 3639 (46.2) 2041 (48.5)
Race, n (%) < 0.001
 Mexican American 6235 (21.1) 3663 (21) 1559 (19.8) 1013 (24.1)
 Other Hispanic 1963 (6.6) 1080 (6.2) 577 (7.3) 306 (7.3)
 Non-Hispanic White 14,393 (48.7) 8918 (51) 3774 (47.9) 1701 (40.4)
 Non-Hispanic Black 5735 (19.4) 3097 (17.7) 1627 (20.7) 1011 (24)
 Non-Hispanic Asian 1228 (4.2) 715 (4.1) 335 (4.3) 178 (4.2)
Marital status, n (%) < 0.001
 Refused 725 (2.5) 540 (3.1) 129 (1.6) 56 (1.3)
 Married 15,356 (52.0) 8659 (49.6) 4359 (55.4) 2338 (55.5)
 Widowed 2564 (8.7) 937 (5.4) 910 (11.6) 717 (17)
 Divorced 2702 (9.1) 1427 (8.2) 788 (10) 487 (11.6)
 Separated 912 (3.1) 504 (2.9) 263 (3.3) 145 (3.4)
 Never married 5327 (18.0) 4058 (23.2) 943 (12) 326 (7.7)
 Living with partner 1968 (6.7) 1348 (7.7) 480 (6.1) 140 (3.3)
Poverty income ratio, n (%) < 0.001
 ≤0.99 5474 (18.5) 3264 (18.7) 1370 (17.4) 840 (20)
 ≥1 21,694 (73.4) 12,877 (73.7) 5841 (74.2) 2976 (70.7)
 Refused 2386 (8.1) 1332 (7.6) 661 (8.4) 393 (9.3)
Drinking Status, n (%) < 0.001
 <12drinks/year 16,810 (56.9) 10,265 (58.7) 4110 (52.2) 2435 (57.9)
 ≥12drinks/year 12,744 (43.1) 7208 (41.3) 3762 (47.8) 1774 (42.1)
Smoking Status < 0.001
 Never 16,079 (54.4) 10,083 (57.7) 3974 (50.5) 2022 (48)
 Current 6194 (21.0) 3808 (21.8) 1671 (21.2) 715 (17)
 Former 7281 (24.6) 3582 (20.5) 2227 (28.3) 1472 (35)
Body mass index, n (%) < 0.001
 <25 kg/m2 9129 (31.5) 6821 (39.7) 1741 (22.5) 567 (13.9)
 25–29.9 kg/m2 10,037 (34.6) 5939 (34.6) 2821 (36.5) 1277 (31.4)
 ≥30 kg/m2 9812 (33.9) 4429 (25.8) 3162 (40.9) 2221 (54.6)
Educational level, n (%) < 0.001
 Refused 1297 (4.4) 1125 (6.4) 155 (2) 17 (0.4)
 Less than high school 8623 (29.2) 4231 (24.2) 2579 (32.8) 1813 (43.1)
 High school or GED 6710 (22.7) 3879 (22.2) 1895 (24.1) 936 (22.2)
 Above high school 12,924 (43.7) 8238 (47.1) 3243 (41.2) 1443 (34.3)
Hyperlipidemic, n (%) < 0.001
 Yes 8154 (27.6) 3348 (19.2) 2726 (34.6) 2080 (49.4)
 No 21,400 (72.4) 14,125 (80.8) 5146 (65.4) 2129 (50.6)
Hypertension, n (%) < 0.001
 Yes 9350 (31.6) 3551 (20.3) 3115 (39.6) 2684 (63.8)
 No 20,204 (68.4) 13,922 (79.7) 4757 (60.4) 1525 (36.2)
Stroke, n (%) < 0.001
 Yes 1010 (3.4) 329 (1.9) 319 (4.1) 362 (8.6)
 No 28,544 (96.6) 17,144 (98.1) 7553 (95.9) 3847 (91.4)
Heart Disease, n (%) < 0.001
 Yes 1192 (4.0) 382 (2.2) 360 (4.6) 450 (10.7)
 No 28,362 (96.0) 17,091 (97.8) 7512 (95.4) 3759 (89.3)
IBI, Mean ± SD 0.9 ± 1.4 0.9 ± 1.3 1.0 ± 1.4 1.3 ± 1.6 < 0.001
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1.28, p < 0.001). After adjusting for potential confound-
ers, including age, gender, race, marital status, education 
level, poverty-to-income ratio (PIR), and medical his-
tory, the association between IBI and pre-DM remained 
significant (OR = 1.08, 95% CI = 1.05 to 1.12, p < 0.001) 

(Supplementary Table S1, Model 4). When IBI was cat-
egorized into quartiles, the highest quartile (Q4) exhib-
ited a significantly higher risk of pre-DM compared 
to the other groups (OR = 2.01, 95% CI = 1.86 to 2.18, 
p < 0.001), and this association persisted after adjusting 

Fig. 1 Flowchart illustrating the selection process for identifying qualified individuals
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for other covariates (Supplementary Table S1). Figures 2 
and 3 demonstrate the nonlinear relationship between 
IBI and the risk of pre-DM and diabetes mellitus (DM) 
(p < 0.05). Threshold analysis revealed that when IBI was 
below 1.376 mg/L, the odds ratio (OR) for pre-DM was 
1.642 (95% CI = 1.498 to 1.8, p < 0.001). However, when 
IBI was ≥ 1.376  mg/L, the OR for pre-DM decreased to 
1.022 (95% CI = 0.959 to 1.09, p = 0.498) (Supplementary 
Table S3).

Association between IBI and the prevalence of DM
In the univariate logistic regression analysis, IBI, as a 
continuous variable, was significantly associated with the 
risk of diabetes mellitus (DM) (OR = 1.05, 95% CI = 1.04 
to 1.07, p < 0.001). After adjusting for age, gender, race, 
marital status, education level, poverty-to-income ratio 
(PIR), and medical history, the association between IBI 
and DM remained significant (OR = 1.06, 95% CI = 1.03 
to 1.08, p < 0.001) (Supplementary Table S2, Model 4). 

Fig. 2 Limited cubic spline plots for the DM result by IBI levels after covariate adjustment. The light blue backdrop histograms display the proportion of 
the research population’s IBI density distribution. Shaded ribbons represent the 95% confidence intervals and thick center lines, respectively, represent 
the computed adjusted odds ratios. The horizontal dotted lines (Reference point) display the odds ratio of 1.0
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When IBI was categorized into quartiles, the highest 
quartile (Q4) exhibited a significantly higher risk of devel-
oping DM compared to the other groups (OR = 1.59, 95% 
CI = 1.47 to 1.71, p < 0.001), and this association persisted 
after adjusting for other covariates (Supplementary Table 
S2). Figures 2 and 3 illustrate the nonlinear relationship 
between IBI and the risk of both pre-diabetes (pre-DM) 
and DM (p < 0.05). Threshold analysis revealed that when 
IBI was less than 1.295 mg/L, the odds ratio (OR) for DM 
was 1.8 (95% CI = 1.598 to 2.027, p < 0.001). However, 

when IBI was ≥ 1.295 mg/L, the OR for DM decreased to 
1.036 (95% CI = 0.975 to 1.1, p = 0.2512) (Supplementary 
Table S4).

Subgroup analyses and interactions to test the association 
between IBI and the risk of pre-DM
Subgroup analyses revealed that the positive association 
between IBI and pre-DM was statistically significant in 
most subgroups. However, this association was not statis-
tically significant among Other Hispanic, Non-Hispanic 

Fig. 3 Limited cubic spline plots for the pre-DM result by IBI levels after covariate adjustment. The light blue backdrop histograms display the proportion 
of the research population’s IBI density distribution. Shaded ribbons represent the 95% confidence intervals and thick center lines, respectively, represent 
the computed adjusted odds ratios. The horizontal dotted lines (Reference point) display the odds ratio of 1.0
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Asian, divorced individuals, those with unclear marital 
status, individuals with BMI ≥ 25, and those with a his-
tory of heart disease (P > 0.05). Interaction tests indicated 
that most covariates did not significantly interact with 
the relationship between IBI and pre-DM (p > 0.05). Only 
gender, marital status, BMI, and drinking status showed 
a significant effect on this relationship (Supplementary 
Table S5).

Subgroup analyses and interactions to test the association 
between IBI and the risk of DM
Subgroup analyses showed that the positive association 
between IBI and pre-DM was statistically significant in 
most subgroups. However, no statistically significant 
association was found among Non-Hispanic Asians, wid-
owed individuals, or those with a history of heart disease 
or stroke (P > 0.05). Interaction tests revealed that most 
covariates did not significantly interact with the relation-
ship between IBI and DM (P > 0.05). Only gender, race, 
marital status, BMI, drinking status, and certain past 
medical histories had a significant impact on this rela-
tionship (Supplementary Table S6).

Discussion
The aim of our study was to explore the relationship 
between pre-DM, DM, and IBI. In our cross-sectional 
analysis of 29,554 participants, we found a significant 
association between higher IBI levels and the preva-
lence of pre-DM and DM. A nonlinear positive relation-
ship was observed between IBI and the overall incidence 
of pre-DM and DM, which remained consistent after 
adjusting for factors such as gender, age, and health sta-
tus. However, no significant correlation was found in par-
ticipants with heart disease [30], likely due to the chronic 
low-grade inflammatory state inherent in these individu-
als, which may have influenced the predictive ability of 
IBI. Further analysis of the correlation between IBI quar-
tiles and the prevalence of pre-DM and DM revealed that 
the association between the prevalence of pre-DM and 
DM and the fourth quartile (Q4) IBI was significantly 
stronger than the association with the first quartile (Q1) 
IBI. However, while individuals with higher IBI levels 
showed a slight increase in the risk of developing diabe-
tes, this risk was relatively lower compared to those in the 
overweight and obese categories.

With the introduction of the concept of metabolic 
inflammation [31], the role of chronic inflammation in 
the pathogenesis of pre-DM and DM is gaining attention. 
IBI is a newly proposed indicator of inflammation with 
more comprehensive clinical significance and application 
prospects than traditional indicators. Some studies have 
found that IBI is an important biomarker for malignant 
tumors and can effectively predict the survival prognosis 
and quality of life of tumor patients. In previous studies, 

many inflammatory variables have been associated with 
diabetes risk, which is consistent with our findings. A 
cross-sectional study showed that NLR is a risk factor 
for all-cause and cardiovascular mortality in diabetic 
patients, and the study by Li et al. [12]. also suggests that 
NLR may be a potential inflammatory marker for dia-
betic nephropathy. CRP is a recognized marker capable 
of detecting validation in vivo while NLR is responsible 
for the immune response, and the IBI integrates the two 
to assess validation of the immune status from a holistic 
patient’s point of view to better evaluate the patient’s dia-
betic status prediction.

The mechanisms of altered IBI in pre-DM and DM 
patients are unclear, but there are numerous possible 
processes that could connect the onset of pre-DM and 
DM to IBI. Current research suggests that inflammation 
precedes the onset of diabetes and that elevated levels 
of inflammatory cytokines usually predict future weight 
gain. Studies have shown that injection of inflammatory 
cytokines into healthy, normal-weight rats triggers insu-
lin resistance, which is consistent with the results of our 
subgroup analysis, which showed an increased risk of 
diabetes in individuals with a higher body mass index 
(BMI). Elevated BMI reflects excessive accumulation of 
abdominal fat, which leads to the production of cyto-
kines and other metabolites, which in turn triggers insu-
lin resistance and affects the insulin signaling pathways, 
including NF-κB, JNK, and TNF-α, while also impairing 
endothelial cell function. In addition, it contributes to the 
release of inflammatory substances, further exacerbating 
insulin resistance and leading to pancreatic β-cell dys-
function. Patients with chronic inflammation also have 
a significantly increased risk of diabetes [32]. Several 
studies have pointed out that activation of inflammatory 
pathways not only creates an inflammatory microenvi-
ronment within the pancreatic islets and impairs insulin 
secretion by β-cells, but also triggers insulin resistance 
in insulin target organs such as the liver and white adi-
pose tissue. Under normal conditions, insulin target 
organs such as the brain, viscera, and pancreas maintain 
glycemic homeostasis by regulating the balance between 
immune responses and metabolism; whereas under 
metabolic disorders and inflammatory conditions, these 
organs form a local inflammatory microenvironment 
through the gut-hypothalamus-liver/adipose tissue/
pancreas axis, which promotes systemic inflammation 
and thus accelerates the development of diabetes [33]. 
In addition, inflammation in the brain (especially in the 
hypothalamus) causes leptin resistance, which usually 
precedes and is closely associated with insulin resistance 
and diabetes. Leptin is a hormone that regulates appe-
tite and metabolism, and its action is achieved mainly 
by affecting the hypothalamus. When the hypothalamus 
becomes resistant to leptin, glucose and fat metabolism 
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are disturbed, leading to weight gain and insulin resis-
tance [34].

Although inflammation starts in adipocytes and the 
first cells that respond to obesity are these, as the storage 
of fat increases, so too do inflammation levels. One of the 
potential pathways involved is mitochondrial dysfunc-
tion, induced by enhanced cellular stress in addition to 
obesity. Oxidative stress is another possible mechanism 
[35]. Too much glucose is transported into adipocytes 
(which, as we recently learned, happens under condi-
tions of high-fat diets and diabetes) [36], leading to an 
overproduction of reactive oxygen species (ROS). This, in 
turn, induces a cascade signaling inflammatory response 
within the cells. Neutrophils trigger the earliest innate 
immune responses of a host through various processes 
such as chemotaxis, phagocytosis, ROS release, and gran-
ular protein secretion, along with cytokine production/
release. Furthermore, neutrophils serve as important 
regulators in shaping adaptive immunity and are major 
effector cells during systemic inflammatory responses 
[37].

In addition, inflammation in adipose tissue triggers 
insulin resistance, which is one of the main features 
of diabetes. Studies have shown that C-reactive pro-
tein (CRP) contributes to the development of insulin 
resistance. Complement, a group of biologically active 
proteins found on the surface of body fluids and cells 
in humans and animals, mediates immune and inflam-
matory responses. This system, often referred to as 
the complement system, plays an important role in the 
development and progression of diabetic macrovascular 
lesions. It has been found that CRP levels are significantly 
elevated in diabetic patients [38, 39], and CRP can acti-
vate the classical pathway of complement. These find-
ings suggest that locally generated CRP in tissues may 
contribute to the progression of diabetic macrovascular 
lesions. In addition, our subgroup analyses revealed that 
men had a higher risk of DM and pre-DM than women. 
This may be attributed to factors such as aging [40], hor-
mones [41], and higher levels of visceral fat in men [42].

A notable strength of our study lies in its utilization 
of the representative NHANES database, which bolsters 
the reliability of the findings through multi-stage strati-
fied sampling. In addition, we carefully accounted for a 
range of factors, allowing for a more precise evaluation 
of the relationships under investigation. However, this 
study has several limitations. First, due to the cross-
sectional design, we are unable to establish causal rela-
tionships between IBI and pre-DM or DM, meaning 
causality cannot be inferred from our findings. Second, 
although we controlled for several objective factors, the 
potential influence of confounding variables such as diet, 
physical activity, and family history could not be fully 
accounted for. Third, with regard to clinical implications, 

the diagnostic value of IBI may plateau at higher lev-
els (IBI > 2), as illustrated in Fig. 2. This suggests that at 
elevated IBI levels, clinicians should consider additional 
biomarkers or clinical context when interpreting IBI val-
ues, particularly in patients with severe inflammation. A 
possible explanation for this plateau effect is that elevated 
IBI values might reflect acute conditions (e.g., infections 
or trauma) rather than chronic metabolic inflammation. 
This underscores the need for further investigation into 
the role of IBI across various clinical settings, which will 
be the focus of our ongoing research.

Conclusion
Elevated IBI levels are strongly associated with an 
increased risk of diabetes mellitus (DM) in the US popu-
lation, exhibiting a non-linear relationship. Moreover, the 
significant role of obesity in the development of pre-dia-
betes (pre-DM) cannot be overlooked. Further investiga-
tion is needed to elucidate the mechanisms linking IBI, 
obesity, and the progression to DM and pre-DM. This 
finding offers new insights and potential avenues for the 
future treatment and prevention of DM and pre-DM.

Supplementary Information
The online version contains supplementary material available at  h t t p  s : /  / d o i  . o  r 
g /  1 0 .  1 1 8 6  / s  1 2 9 0 2 - 0 2 5 - 0 1 9 1 1 - 6.

Supplementary Material 1

Supplementary Material 2

Supplementary Material 3

Supplementary Material 4

Supplementary Material 5

Supplementary Material 6

Acknowledgements
We express our gratitude to the CDC’s National Center for Health Statistics for 
creating, compiling, and making the NHANES data available to the general 
public.

Author contributions
SY, JL and HC wrote the report and made conceptualization, data 
management, and methodology suggestions. After revising the article and 
sharing the software application and data analysis, SY, FX, SW, HW, HH, MT and 
ML submitted the finished version. After reading the published version of the 
manuscript, all writers have given their approval.

Funding
This work was supported by the Natural Science Foundation of Jilin Province 
(Grant No. YDZJ202301ZYTS165).

Data availability
Online repositories contain the datasets used in this investigation. The 
following contains the repository(s) names and accession number(s):  h t t p  s : /  / 
w w w  . n  . c d  c . g  o v / n  c h  s / n  h a n  e s / a  n a  l y t  i c g  u i d e  l i  n e s . a s p x.

https://doi.org/10.1186/s12902-025-01911-6
https://doi.org/10.1186/s12902-025-01911-6
https://www.n.cdc.gov/nchs/nhanes/analyticguidelines.aspx
https://www.n.cdc.gov/nchs/nhanes/analyticguidelines.aspx


Page 11 of 12Yu et al. BMC Endocrine Disorders           (2025) 25:82 

Declarations

Ethics approval and consent to participate
The National Health Statistics Research Ethics Review Board conducted an 
evaluation and granted approval for the NHANES study. Before the NHANES 
physical exam and data collection began, all eligible individuals provided their 
informed consent.
Not applicable.

Consent for publication
Not applicable

Competing interests
The authors declare no competing interests.

Received: 19 October 2024 / Accepted: 19 March 2025

References
1. Magliano DJ, Boyko EJ. DF diabetes atlas 10th edition scientific committee. 

IDf diabetes atlas [J]. 10th ed. Brussels: International Diabetes Federation; 
2021. p. 35914061.

2. Li G, Zhang P, Wang J, et al. The long-term effect of lifestyle interventions to 
prevent diabetes in the China Da Qing diabetes prevention study: a 20-year 
follow-up study [J]. Lancet. 2008;371(9626):1783–9. PMID: 18502303.

3. American Diabetes Association Professional Practice Committee. 2. Classifica-
tion and diagnosis of diabetes: standards of medical care in Diabetes-2022. 
Diabetes Care. 2022;45(Suppl 1):S17–38.  h t t p  s : /  / d o i  . o  r g /  1 0 .  2 3 3 7  / d  c 2 2 - S 0 0 2

4. GBD 2019 Diseases and Injuries Collaborators. Global burden of 369 diseases 
and injuries in 204 countries and territories, 1990–2019: a systematic analysis 
for the global burden of disease study 2019. Lancet (London England) Vol. 
2020;396(10258):1204–22.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 0 1 6  / S  0 1 4 0 - 6 7 3 6 ( 2 0 ) 3 0 9 2 5 - 9

5. GBD 2021 Diabetes Collaborators. Global, regional, and National burden 
of diabetes from 1990 to 2021, with projections of prevalence to 2050: a 
systematic analysis for the global burden of disease study 2021 [published 
correction appears in lancet. 2023;402(10408):1132. Doi: 10.1016/S0140-
6736(23)02044-5]. Lancet. 2023;402(10397):203–34.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 0 1 6  / S  
0 1 4 0 - 6 7 3 6 ( 2 3 ) 0 1 3 0 1 - 6

6. Roden M, Shulman GI. The integrative biology of type 2 diabetes. Nature. 
2019;576(7785):51–60.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 0 3 8  / s  4 1 5 8 6 - 0 1 9 - 1 7 9 7 - 8

7. Tsalamandris S, Antonopoulos AS, Oikonomou E. The role of inflamma-
tion in diabetes: current concepts and future perspectives. Eur Cardiol. 
2019;14(1):50–9.

8. Li H, Meng Y, He S. Macrophages, chronic inflammation, and insulin resis-
tance. Cells. 2022;11(19):3001.

9. Negi M, Mulla MJ, Han CS, et al. Allopurinol inhibits excess glucose-induced 
trophoblast IL-1β and ROS production[J]. Reproduction. 2020;159(1):73–80.  h 
t t p  s : /  / d o i  . o  r g /  1 0 .  1 5 3 0  / R  E P - 1 9 - 0 4 2 2

10. Chen Q, Li W, Deng Y et al. Correlation analysis of umbilical cord blood 
metabolic phenotype and inflammation in patients with gestational diabetes 
mellitus complicated with overweight and obesity[J]. Evid Based Comple-
ment Alternat Med, 2022,2022:6072286.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 1 5 5  / 2  0 2 2 / 6 0 7 2 2 
8 6

11. Hule GP, Bargir UA, Kulkarni M, et al. Does Pioglitazone lead to neutrophil 
extracellular traps formation in chronic granulomatous disease patients?[J]. 
Front Immunol. 2019;10:1739.  h t t p  s : /  / d o i  . o  r g /  1 0 .  3 3 8 9  / fi   m m u . 2 0 1 9 . 0 1 7 3 9

12. Zhai J, Yuan B, Liu T, et al. Association between the inflammatory burden 
index and rheumatoid arthritis and its all-cause mortality: data from NHANES 
1999–2018. Front Med (Lausanne). 2024;11:1421497.  h t t p  s : /  / d o i  . o  r g /  1 0 .  3 3 8 9  / 
f  m e d . 2 0 2 4 . 1 4 2 1 4 9 7. Published 2024 Aug 21.

13. Song Z, Lin F, Chen Y, et al. Inflammatory burden index: association between 
novel systemic inflammatory biomarkers and prognosis as well as in-Hospital 
complications of patients with aneurysmal subarachnoid hemorrhage. J 
Inflamm Res. 2023;16:3911–21.  h t t p  s : /  / d o i  . o  r g /  1 0 .  2 1 4 7  / J  I R . S 4 1 6 2 9 5.  P u b l i s h e 
d 2023 Sep 4.

14. Xiong P, Zhang F, Liu F, Zhao J, Huang X, Luo D, Guo J. Metaflammation in 
glucolipid metabolic disorders: pathogenesis and treatment. Volume 161. 
Biomedicine & pharmacotherapy = Biomedecine & pharmacotherapie; 2023. 
p. 114545.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 0 1 6  / j  . b i  o p h  a . 2 0  2 3  . 1 1 4 5 4 5

15. Nie Y, Zhou H, Wang J, Kan H. Association between systemic immune-inflam-
mation index and diabetes: a population-based study from the NHANES. 
Front Endocrinol (Lausanne). 2023;14:1245199.  h t t p  s : /  / d o i  . o  r g /  1 0 .  3 3 8 9  / f  e n d o 
. 2 0 2 3 . 1 2 4 5 1 9 9. Published 2023 Oct 31.

16. Liu B, Wang L, He Y. Association between systemic Immune-Inflammatory 
index (SIRI) and diabetic foot ulcers in individuals with diabetes: evidence 
from the NHANES. Int J Low Extrem Wounds Published Online Dec. 2024;19.  
h t t p  s : /  / d o i  . o  r g /  1 0 .  1 1 7 7  / 1  5 3 4 7 3 4 6 2 4 1 3 0 9 1 8 0

17. Cardoso CR, Leite NC, Salles GF. Prognostic Importance of C-Reactive Protein 
in High Cardiovascular Risk Patients With Type 2 Diabetes Mellitus: The Rio de 
Janeiro Type 2 Diabetes Cohort Study. J Am Heart Assoc. 2016;5(11):e004554. 
Published 2016 Oct 26.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 1 6 1  / J  A H A . 1 1 6 . 0 0 4 5 5 4

18. Xie H, Ruan G, Ge Y, et al. Inflammatory burden as a prognostic biomarker for 
cancer. Clin Nutr. 2022;41(6):1236–43.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 0 1 6  / j  . c l n u . 2 0 2 2 . 0 4 . 0 
1 9

19. Xie H, Ruan G, Wei L, et al. The inflammatory burden index is a superior 
systemic inflammation biomarker for the prognosis of non-small cell lung 
cancer. J Cachexia Sarcopenia Muscle. 2023;14(2):869–78.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 
0 0 2  / j  c s m . 1 3 1 9 9

20. Xiong Z, Xu W, Wang Y, Cao S, Zeng X, Yang P. Inflammatory burden index: 
associations between osteoarthritis and all-cause mortality among individu-
als with osteoarthritis. BMC Public Health. 2024;24(1):2203.  h t t p  s : /  / d o i  . o  r g /  1 0 .  
1 1 8 6  / s  1 2 8 8 9 - 0 2 4 - 1 9 6 3 2 - 1. Published 2024 Aug 13.

21. American Diabetes Association. 2. Classification and Diagnosis of Diabetes: 
Standards of Medical Care in Diabetes-2021 [published correction appears in 
Diabetes Care. 2021;44(9):2182.  h t t p  s : /  / d o i  . o  r g /  1 0 .  2 3 3 7  / d  c 2 1 - a d 0 9 ]. Diabetes 
Care. 2021;44(Suppl 1):S15-S33. doi:10.2337/dc21-S002.

22. Li X, Wang L, Liu M, Zhou H, Xu H. Association between neutrophil-
to-lymphocyte ratio and diabetic kidney disease in type 2 diabetes 
mellitus patients: a cross-sectional study. Front Endocrinol (Lausanne). 
2024;14:1285509.  h t t p  s : /  / d o i  . o  r g /  1 0 .  3 3 8 9  / f  e n d o . 2 0 2 3 . 1 2 8 5 5 0 9. Published 
2024 Jan 4.

23. Li P, Qiao Q, Nie C et al. The mediating role of chronic low-grade inflamma-
tion participation in the relationship between obesity and type 2 diabetes: 
findings from the NHANES. BMC Endocr Disord. 2024;24(1):130. Published 
2024 Jul 31.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 1 8 6  / s  1 2 9 0 2 - 0 2 4 - 0 1 6 7 1 - 9

24. Zheng D, Zhao C, Ma K, et al. Association between visceral adiposity index 
and risk of diabetes and prediabetes: results from the NHANES (1999–2018). 
PLoS ONE. 2024;19(4):e0299285.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 3 7 1  / j  o u r  n a l  . p o n  e .  0 2 9 9 2 8 
5. Published 2024 Apr 25.

25. Xu F, Earp JE, Adami A, Weidauer L, Greene GW. The relationship of physical 
activity and dietary quality and diabetes prevalence in US adults: findings 
from NHANES 2011–2018. Nutrients. 2022;14(16):3324.  h t t p  s : /  / d o i  . o  r g /  1 0 .  3 3 9 
0  / n  u 1 4 1 6 3 3 2 4. Published 2022 Aug 13.

26. Zhang L, Zeng L. Non-linear association of triglyceride-glucose index with 
prevalence of prediabetes and diabetes: a cross-sectional study. Front Endo-
crinol (Lausanne). 2023;14:1295641.  h t t p  s : /  / d o i  . o  r g /  1 0 .  3 3 8 9  / f  e n d o . 2 0 2 3 . 1 2 9 5 
6 4 1. Published 2023 Dec 13.

27. Guo H, Wan C, Zhu J, Jiang X, Li S. Association of systemic immune-inflam-
mation index with insulin resistance and prediabetes: a cross-sectional study. 
Front Endocrinol (Lausanne). 2024;15:1377792.  h t t p  s : /  / d o i  . o  r g /  1 0 .  3 3 8 9  / f  e n d o 
. 2 0 2 4 . 1 3 7 7 7 9 2. Published 2024 Jun 5.

28. Whelton PK, Carey RM, Aronow WS, et al. 2017 ACC/AHA/AAPA/ABC/ACPM/
AGS/APhA/ASH/ASPC/NMA/PCNA guideline for the prevention, detection, 
evaluation, and management of high blood pressure in adults: A report of 
the American college of cardiology/american heart association task force on 
clinical practice guidelines. Circulation. 2018;138(17):e484–594.  h t t p  s : /  / d o i  . o  r 
g /  1 0 .  1 1 6 1  / C  I R .  0 0 0  0 0 0 0  0 0  0 0 0 0 5 9 6

29. Dembowski E, Freedman I, Grundy SM, Stone NJ. Guidelines for the manage-
ment of hyperlipidemia: how can clinicians effectively implement them? 
Prog Cardiovasc Dis. 2022;75:4–11.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 0 1 6  / j  . p c a d . 2 0 2 2 . 1 1 . 0 0 9

30. Patel NH, Dey AK, Sorokin AV, et al. Chronic inflammatory diseases and 
coronary heart disease: insights from cardiovascular CT. J Cardiovasc Comput 
Tomogr. 2022;16(1):7–18.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 0 1 6  / j  . j c c t . 2 0 2 1 . 0 6 . 0 0 3

31. Russo S, Kwiatkowski M, Govorukhina N, Bischoff R, Melgert BN. Meta-Inflam-
mation and metabolic reprogramming of macrophages in diabetes and 
obesity: the importance of metabolites. Front Immunol. 2021;12:746151.  h t t p  
s : /  / d o i  . o  r g /  1 0 .  3 3 8 9  / fi   m m u . 2 0 2 1 . 7 4 6 1 5 1

32. Wellen KE, Hotamisligil GS. Inflammation, stress, and diabetes. J Clin Investig. 
2005;115(5):1111–9.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 1 7 2  / J  C I 2 5 1 0 2

33. Gao D, Jiao J, Wang Z, Huang X, Ni X, Fang S, Zhou Q, Zhu X, Sun L, Yang Z, 
Yuan H. The roles of cell-cell and organ-organ crosstalk in the type 2 diabetes 

https://doi.org/10.2337/dc22-S002
https://doi.org/10.1016/S0140-6736(20)30925-9
https://doi.org/10.1016/S0140-6736(23)01301-6
https://doi.org/10.1016/S0140-6736(23)01301-6
https://doi.org/10.1038/s41586-019-1797-8
https://doi.org/10.1530/REP-19-0422
https://doi.org/10.1530/REP-19-0422
https://doi.org/10.1155/2022/6072286
https://doi.org/10.1155/2022/6072286
https://doi.org/10.3389/fimmu.2019.01739
https://doi.org/10.3389/fmed.2024.1421497
https://doi.org/10.3389/fmed.2024.1421497
https://doi.org/10.2147/JIR.S416295
https://doi.org/10.1016/j.biopha.2023.114545
https://doi.org/10.3389/fendo.2023.1245199
https://doi.org/10.3389/fendo.2023.1245199
https://doi.org/10.1177/15347346241309180
https://doi.org/10.1177/15347346241309180
https://doi.org/10.1161/JAHA.116.004554
https://doi.org/10.1016/j.clnu.2022.04.019
https://doi.org/10.1016/j.clnu.2022.04.019
https://doi.org/10.1002/jcsm.13199
https://doi.org/10.1002/jcsm.13199
https://doi.org/10.1186/s12889-024-19632-1
https://doi.org/10.1186/s12889-024-19632-1
https://doi.org/10.2337/dc21-ad09]
https://doi.org/10.3389/fendo.2023.1285509
https://doi.org/10.1186/s12902-024-01671-9
https://doi.org/10.1371/journal.pone.0299285
https://doi.org/10.1371/journal.pone.0299285
https://doi.org/10.3390/nu14163324
https://doi.org/10.3390/nu14163324
https://doi.org/10.3389/fendo.2023.1295641
https://doi.org/10.3389/fendo.2023.1295641
https://doi.org/10.3389/fendo.2024.1377792
https://doi.org/10.3389/fendo.2024.1377792
https://doi.org/10.1161/CIR.0000000000000596
https://doi.org/10.1161/CIR.0000000000000596
https://doi.org/10.1016/j.pcad.2022.11.009
https://doi.org/10.1016/j.jcct.2021.06.003
https://doi.org/10.3389/fimmu.2021.746151
https://doi.org/10.3389/fimmu.2021.746151
https://doi.org/10.1172/JCI25102


Page 12 of 12Yu et al. BMC Endocrine Disorders           (2025) 25:82 

mellitus associated inflammatory microenvironment. Cytokine Growth Factor 
Rev. 2022;66:15–25.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 0 1 6  / j  . c y  t o g  f r . 2  0 2  2 . 0 4 . 0 0 2

34. Jais A, Brüning JC. Hypothalamic inflammation in obesity and metabolic 
disease. J Clin Investig. 2017;127(1):24–32.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 1 7 2  / J  C I 8 8 8 7 8

35. Balan AI, Halațiu VB, Scridon A. Oxidative stress, inflammation, and mitochon-
drial dysfunction: A link between obesity and atrial fibrillation. Antioxid (Basel 
Switzerland). 2024;13(1):117.  h t t p  s : /  / d o i  . o  r g /  1 0 .  3 3 9 0  / a  n t i o x 1 3 0 1 0 1 1 7

36. Kahn SE, Hull RL, Utzschneider KM. Mechanisms linking obesity to insulin 
resistance and type 2 diabetes. Nature. 2006;444(7121):840–6.  h t t p  s : /  / d o i  . o  r g 
/  1 0 .  1 0 3 8  / n  a t u r e 0 5 4 8 2

37. Liu Y, Song R, Lu Z, et al. The RNA m6A demethylase ALKBH5 drives emer-
gency granulopoiesis and neutrophil mobilization by upregulating G-CSFR 
expression. Cell Mol Immunol. 2024;21(1):6–18.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 0 3 8  / s  4 1 4 2 
3 - 0 2 3 - 0 1 1 1 5 - 9

38. Zaghloul A, Al-Bukhari TA, Al-Pakistani HA, et al. Soluble endothelial protein 
C receptor and highsensitivity C reactive protein levels as markers of endo-
thelial dysfunction inpatients with type 1 and type 2 diabetes mellitus: their 
role in the predictionof vascular complications[J]. Diabetes Res Clin Pract. 
2014;106(3):597–604.

39. Lu L, Pu LJ, Xu XW, et al. Association of serum levels of glycated albumin, 
C-reactive protein and tumor necrosis factor-alpha with the severity of 

coronary artery disease and renal impairment in patients with type 2 diabe-
tes mellitus. Clin Biochem. 2007;40(11):810–6.  h t t p  s : /  / d o i  . o  r g /  1 0 .  1 0 1 6  / j  . c l  i n b  i 
o c h  e m  . 2 0 0 7 . 0 3 . 0 2 2

40. Gao A, Su J, Liu R, et al. Sexual dimorphism in glucose metabolism is shaped 
by androgen-driven gut Microbiome. Nat Commun. 2021;12(1):7080.  h t t p  s : /  / 
d o i  . o  r g /  1 0 .  1 0 3 8  / s  4 1 4 6 7 - 0 2 1 - 2 7 1 8 7 - 7. Published 2021 Dec 6.

41. Klaver M, van Velzen D, de Blok C, et al. Change in visceral fat and total body 
fat and the effect on cardiometabolic risk factors during transgender hor-
mone therapy. J Clin Endocrinol Metab. 2022;107(1):e153–64.  h t t p  s : /  / d o i  . o  r g /  
1 0 .  1 2 1 0  / c  l i n e m / d g a b 6 1 6

42. Nordström A, Hadrévi J, Olsson T, Franks PW, Nordström P. Higher prevalence 
of type 2 diabetes in men than in women is associated with differences in 
visceral fat mass. J Clin Endocrinol Metab. 2016;101(10):3740–6.  h t t p s :   /  / d o  i .  o r  
g  /  1 0  . 1 2   1 0   / j c . 2  0 1 6 - 1 9 1 5

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

https://doi.org/10.1016/j.cytogfr.2022.04.002
https://doi.org/10.1172/JCI88878
https://doi.org/10.3390/antiox13010117
https://doi.org/10.1038/nature05482
https://doi.org/10.1038/nature05482
https://doi.org/10.1038/s41423-023-01115-9
https://doi.org/10.1038/s41423-023-01115-9
https://doi.org/10.1016/j.clinbiochem.2007.03.022
https://doi.org/10.1016/j.clinbiochem.2007.03.022
https://doi.org/10.1038/s41467-021-27187-7
https://doi.org/10.1038/s41467-021-27187-7
https://doi.org/10.1210/clinem/dgab616
https://doi.org/10.1210/clinem/dgab616
https://doi.org/10.1210/jc.2016-1915
https://doi.org/10.1210/jc.2016-1915

	Association of the inflammatory burden index with the risk of pre-diabetes and diabetes mellitus: a cross-sectional study
	Abstract
	Introduction
	Materials and methods
	Study population
	Diagnosis of DM and pre-DM
	Calculation of IBI
	Covariate
	Statistical analysis

	Result
	Baseline characteristics
	Association between IBI and the prevalence of pre-DM
	Association between IBI and the prevalence of DM
	Subgroup analyses and interactions to test the association between IBI and the risk of pre-DM
	Subgroup analyses and interactions to test the association between IBI and the risk of DM

	Discussion
	Conclusion
	References


