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Association between atherogenicity indices
and prediabetes: a 5-year retrospective
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examination population
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Abstract

Background and Objective Atherogenicity indices have emerged as promising markers for cardiometabolic
disorders, yet their relationship with prediabetes risk remains unclear. This study aimed to comprehensively evaluate
the associations between six atherogenicity indices and prediabetes risk in a Chinese population, and explore the
predictive value of these atherosclerotic parameters for prediabetes.

Methods This retrospective cohort study included 97,151 participants from 32 healthcare centers across China, with
a median follow-up of 2.99 (2.13, 3.95) years. Six atherogenicity indices were calculated: Castelli’s Risk Index-I (CRI-I),
Castelli's Risk Index-1l (CRI-II), Atherogenic Index of Plasma (AIP), Atherogenic Index (Al), Lipoprotein Combine Index
(LCI), and Cholesterol Index (CHOLINDEX). To address the natural relationships between the atherogenicity indices
and risk of prediabetes, we applied Cox proportional hazards regression with cubic spline functions and smooth curve
fitting, using a recursive algorithm to calculate inflection points. Machine learning approach (XGBoost and Boruta
methods) to address the high collinearity among indices and assess their relative importance, combined with time-
dependent ROC analysis to evaluate the predictive performance at 3-, 4-, and 5-year follow-up.

Results During follow-up, 11,199 participants developed prediabetes (incidence rate: 3.71 per 100 person-years).
Significant nonlinear associations were observed between all atherogenicity indices and prediabetes risk. Through
Z-score standardization of atherogenicity indices and comprehensive Cox proportional hazards regression and
advanced machine learning techniques, we identified AIP as the most significant predictor of prediabetes [HR=1.057
(95% C1 1.035-1.080, P < 0.0001)], with LCl emerging as a secondary important marker [HR=1.020 (95% CI 1.002—-1.038,
P=0.0267)]. Our innovative XGBoost and Boruta analysis uniquely validated these findings, providing robust evidence
of AIP and LCl's critical role in prediabetes risk assessment. Time-dependent ROC analysis further validated these
findings, with LCl and AIP demonstrating comparable discrimination, with overlapping AUC ranges of 0.5952-0.6082.
Notably, the combined indices model achieved enhanced predictive performance (AUC: 0.6753) compared to
individual indices, suggesting the potential benefit of using multiple atherogenicity indices for prediabetes risk
prediction.
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Conclusion This study identifies statistically significant associations between atherogenicity indices and prediabetes
risk, highlighting their nonlinear relationships and combined effects. While the predictive performance of these
indices is modest (AUC 0.55-0.68), these findings may contribute to improved risk stratification when incorporated

into comprehensive assessment strategies.

Keywords Atherogenicity indices, Prediabetes, Nonlinear relationship, Risk prediction, Machine learning, Cohort
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Introduction

Prediabetes has emerged as an increasingly promi-
nent public health challenge worldwide. Recent epide-
miological data indicate that while global diabetes cases
exceeded 536.7 million in 2021, the number of individu-
als with prediabetes is projected to surpass 587 million
by 2030 [1]. In China, according to the 2018 American
Diabetes Association (ADA) diagnostic criteria, the age-
standardized prevalence of prediabetes among adults has
reached 35.2% [2]. Without timely intervention, approxi-
mately 5-10% of individuals with prediabetes progress
to diabetes annually [3]. This alarming prevalence poses
substantial public health challenges, as prediabetes not
only increases the risk of progression to diabetes but also
independently associates with various cardiovascular
complications [4—6].

Early identification and intervention in prediabetes
are crucial for preventing its progression to diabetes
and associated complications [7, 8]. Recent evidence
suggests that lipid metabolism disorders often precede
glucose dysregulation, making lipid-related parameters
potentially valuable early markers for prediabetes risk
assessment [9, 10]. Among various lipid parameters,
atherogenicity indices, which integrate multiple lipid
components, have emerged as promising indicators for
cardiovascular and metabolic disorders [11, 12].

Atherogenicity indices, as novel composite biomark-
ers, including Castelli's Risk Index-I (CRI-I), Castelli’s
Risk Index-II (CRI-II), Atherogenic Index of Plasma
(AIP), Atherogenic Index (AI), Lipoprotein Combine
Index (LCI), and Cholesterol Index (CHOLINDEX),
have shown associations with various cardiometabolic
conditions [13—16]. Compared to traditional single lipid
parameters, these composite indices better reflect the
balance between pro-atherogenic and anti-atherogenic
lipoproteins [17, 18]. Recent studies have demonstrated
that these indices are not only closely associated with
cardiovascular events but also reflect insulin resistance
status, serving as important predictors of glucose metab-
olism disorders [12, 19-23]. Notably, AIP has been con-
firmed as an independent predictor of prediabetes risk,
showing superior predictive performance compared to
traditional single lipid parameters [24, 25]. Furthermore,
novel indices such as LCI have shown promising poten-
tial in identifying early atherosclerosis and predicting
metabolic abnormalities [25-27].

However, current research on the relationship between
atherogenicity indices and prediabetes has several limi-
tations. Most studies have focused on individual lipid
parameters, lacking comprehensive evaluations of mul-
tiple indices [28, 29]. Additionally, the predictive value
of atherogenicity indices for prediabetes, particularly in
Chinese populations, remains unclear. Recent studies
have suggested that unconventional lipid parameters,
such as AIP and LCI, may outperform traditional lipid
parameters in predicting prediabetes [25, 29]. However,
these studies are often limited by cross-sectional designs,
small sample sizes, and insufficient consideration of con-
founding factors. Furthermore, the nonlinear relation-
ships between atherogenicity indices and prediabetes
risk, as well as the critical thresholds for these indices,
remain poorly understood.

To address these gaps, we designed this retrospec-
tive cohort study to comprehensively evaluate and
compare the predictive value of various atherogenicity
indices (CRI-I, CRI-II, AIP, Al, LCI, and CHOLINDEX)
for prediabetes in a Chinese health examination popula-
tion. This study aims to: (1) investigate the associations
between different atherogenicity indices and prediabe-
tes risk; (2) compare the predictive performance of these
indices; and (3) identify the optimal index or combina-
tion of indices for prediabetes risk assessment in the Chi-
nese population. Additionally, the study will explore the
nonlinear associations and critical thresholds of these
indices, providing valuable insights for early risk stratifi-
cation and personalized prevention strategies.

Methods

Study design

This investigation was structured as a retrospective
cohort analysis examining the relationship between base-
line atherogenicity indices (CRI-I, CRI-1I, AIP, Al, LCI,
and CHOLINDEX) and subsequent prediabetes develop-
ment. We defined the atherogenicity indices at baseline
as the exposure variables and incident prediabetes dur-
ing follow-up as the outcome variable (coded as binary:
0=non-prediabetes, 1 =prediabetes).

Data source

The research utilized health examination records from
the Rich Healthcare Group database, accessible through
the DATADRYAD repository (https://datadryad.org/st
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ash/dataset/doi:https://doi.org/10.5061/dryad.ft8750v).
The Dryad repository grants academic researchers’ non-
commercial access to this dataset, with full rights for
adaptation and derivative work creation, contingent upon
appropriate source and authorship acknowledgment [30].

Study population

This retrospective cohort study utilized data from the
Rich Healthcare Group database in China, which con-
tains comprehensive health examination records from 32
healthcare centers across 11 major Chinese cities (Bei-
jing, Suzhou, Nanjing, Shanghai, Changzhou, Shenzhen,
Nantong, Chengdu, Hefei, Guangzhou, and Wuhan)
between January 2010 and December 2016. To minimize
selection bias, participants were consecutively and non-
selectively enrolled from routine health examinations.
The database includes standardized physical examina-
tions, laboratory tests, and questionnaire data collected
by trained healthcare professionals following standard-
ized procedures.

The initial study population comprised 685,277 adults
(age>18 years) who underwent routine health exami-
nations. Through a comprehensive screening process,
we systematically excluded individuals based on mul-
tiple criteria. Missing baseline data for fasting blood
glucose (FPG), weight, gender, or height resulted in the
removal of 135,317 cases. A follow-up period of less
than 2 years led to the exclusion of 324,233 individu-
als. We removed cases with extreme body mass index
(BMI) values (<15 kg/m* or>55 kg/m% n=152) and
those with undetermined diabetes status at follow-up
(n=6,630). Further refinement of the cohort involved
eliminating subjects with baseline diabetes mellitus (DM)
(n=7,112), along with those who either self-reported
DM or showed FPG>6.9 mmol/L during follow-up
(n=4,524). Additionally, we excluded individuals with
baseline FPG>5.6 mmol/L (n=23,121). Cases lacking
complete lipid profiles, including total cholesterol (TC),
triglyceride (TG), low-density lipoprotein cholesterol
(LDL-C), and high-density lipoprotein cholesterol (HDL-
C), were also removed (n=283,923). Lastly, we excluded
subjects with atherogenicity indices beyond three stan-
dard deviations from the mean (n=3,114). After applying
all exclusion criteria, the final analytical cohort consisted
of 97,151 participants (detailed participant flow diagram
available in Fig. 1).

Variables
Exposure variables
The primary exposure variables were six atherogenicity
indices calculated from fasting lipid profiles:
CRI-I=Total Cholesterol/HDL-C [31].
CRI-II = LDL-C/HDL-C [31].
AIP =Log10(TG/HDL-C) [32].
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Al =(TC—HDL-C)/HDL-C [33].

LCI="Total Cholesterol x Triglycerides x LDL-C/
HDL-C [34].

CHOLINDEX =LDL-C-HDL-C (TG<400 mg/dL),
LDL-C-HDL-C +1/5 of TG (TG =400 mg/dL) [35].

All lipid parameters were measured from fasting blood
samples using standardized automated biochemical ana-
lyzers (Beckman 5800) within 24 h of collection. Quality
control measures included regular calibration of instru-
ments, use of standard operating procedures, and partici-
pation in external quality assessment programs [30].

Outcome variable

The primary outcome was incident prediabetes during
the 5-year follow-up period, defined according to the
ADA criteria (FPG 5.6—6.9 mmol/L) [36]. We censored
participants at the time of pre-diabetes diagnosis or the
last visit, whichever came first.

Covariates

Covariates included: (1) Demographic factors: age, gen-
der; (2) Clinical measurements: BMI, systolic blood
pressure (SBP), diastolic blood pressure (DBP); (3) Lab-
oratory parameters: FPG, blood urea nitrogen (BUN),
alanine aminotransferase (ALT), aspartate aminotrans-
ferase (AST), serum creatinine (Scr); (4) Lifestyle fac-
tors: smoking status (never/ever/current), drinking status
(never/ever/current); (5) Medical history: family history
of diabetes.

Trained healthcare professionals conducted compre-
hensive baseline assessments following standardized
protocols. Height and weight were measured by trained
staff using standardized equipment, with participants
wearing light clothing and no shoes. Height was mea-
sured to 0.1 cm precision using a stadiometer, while
weight was recorded to 0.1 kg using calibrated electronic
scales. Body mass index was computed as weight (kg)/
height(m?). Blood pressure was measured using cali-
brated mercury sphygmomanometers after 5-10 min of
rest in a seated position.

All laboratory tests were performed after at least 10 h
of fasting. The assessed parameters included BUN, Scr,
AST, FPG, and ALT.

Missing data processing

The dataset contained varying proportions of missing
values across different variables. Physiological param-
eters showed minimal missing data: blood pressure mea-
surements (n=12, 0.012%), Scr (n=1185, 1.220%), ALT
(n=365, 0.376%), and BUN (n=2216, 2.281%). More
substantial missing data were observed for liver function
(AST: n=56,386, 58.040%), and lifestyle factors (smok-
ing and drinking status: both n=70,542, 72.61%). To
address potential bias and optimize data utilization, we
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According to the data source article:

685,277 Chinese participants >20
years old with at least two visits
in2010 - 2016

473,444 Were excluded
103,946 Had no available weight and height
measurements
1 Had no available information on gender
152 Had extreme BMI values (<15 kg/m?
or >55 kg/m?)
31,370 Had no available fasting plasma
glucose value
324,233 Had visit intervals less than 2 years
7,112 Diagnosed with diabetes at baseline
6,630 Undefined diabetes status at follow-up

}

211,833 Were included in the original study.

According to our studying:

4,174 Diagnosis of diabetes during follow-up
350 Had FPG>6.9mmol/L during follow-up
23,121 Had baseline FPG>5.6mmol/L

—| 5,087Had incomplete TG value
78,672 Had incomplete HDL-C value
163 Had incomplete LDL-C value

1 Had incomplete TC value

3114 Had outliers of atherogenicity indices

v

97,151 participants eventually entered the study

Fig.1 Study flow diagram of participant selection 211,833 participants were assessed for eligibility in the original study. We further excluded 114682par-
ticipants. The final analysis included 97,151 subjects in the present study
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implemented multiple imputation by chained equations
[37]. This imputation included variables such as BMI,
SBP, age, gender, Scr, DBP, ALT, BUN, TC, HDL-c, FPG,
TG, family history of diabetes, LDL-c, AST, and drink-
ing and smoking status. The missing data were analyzed
based on the assumption that they were missing at ran-
dom (MAR) [38].

Ethics statement

This study was approved by the Ethics Committee of the
Rich Healthcare Group Review Board [30]. As this was a
retrospective study using anonymized data, the require-
ment for informed consent was waived [30, 39]. All
procedures were conducted in accordance with the Dec-
laration of Helsinki and relevant regulations. Data secu-
rity and participant privacy were protected through strict
confidentiality protocols and data encryption measures.
The study was reported following the STROBE (Strength-
ening the Reporting of Observational Studies in Epidemi-
ology) guidelines for cohort studies [40].

Statistical analysis

Continuous variables were expressed as mean+stan-
dard deviation (for normal distributions) or median with
interquartile range [M (Q1, Q3)] for skewed data. Cate-
gorical variables were summarized as frequencies (n) or
percentages (%). Differences between groups (the group-
ing variable was determined by the likelihood of progres-
sion to prediabetes) were compared using the x> test for
categorical variables, the student’s t-test for normally
distributed continuous variables, or the Mann—Whitney
U test for non-normally distributed continuous vari-
ables. The Kolmogorov—Smirnov test was employed to
assess the normality of continuous variables. In addition,
the study cohort was stratified into four quartiles based
on the atherogenicity indices. Statistical comparisons
among groups utilized One-Way ANOVA for normally
distributed parameters, Kruskal-Wallis H tests for non-
normally distributed variables, and x* test for categorical
data analysis.

To analyze the association between atherogenicity indi-
ces (CRI-I, CRI-II, AIP, Al, LCI, and CHOLINDEX) and
the development of prediabetes, we followed several ana-
lytical steps:

Step 1 Univariate and Multivariate Cox Proportional-
hazards Regression.

We applied Z-score standardization to atherogenicity
indices and then used univariate and multivariate Cox
proportional-hazards regression models to evaluate their
standardized impact on prediabetes.

Three models were constructed:

Model I No covariates were adjusted.
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Model II Adjusted for demographic characteristics
(age, gender, BMI) and clinical indicators (blood pres-
sure, family history of diabetes, lifestyle factors).

Model III Further adjusted for metabolic parameters
(FPG, BUN, Scr, ALT, AST) based on Model 2.

Covariate selection was guided by previous literature
[25, 29, 30], and collinearity assessment. No variable was
excluded from the multivariate analysis due to demon-
strated collinearity (Table S1). The proportional hazards
assumptions were validated using Schoenfeld residuals
and log-minus-log plots. These models were designed to
assess changes in effect estimates under different adjust-
ment strategies and to evaluate the robustness of the
results.

Step 2 Nonlinearity and Two-Piecewise Regression
Analysis.

To explore potential nonlinearity in the relationship
between atherogenicity indices and the development
of prediabetes, a Cox proportional hazards regression
model with cubic spline functions and smooth curve
fitting (penalized spline method) was employed. If non-
linearity was detected, the inflection point was identi-
fied using a recursive algorithm, and a two-piecewise
linear regression model was constructed on either side
of the inflection point. For sensitivity analysis, the stan-
dard linear regression model was compared to the two-
piecewise linear model, with the likelihood ratio test
employed to determine the best fit for explaining the
association between atherogenicity indices and the risk
of prediabetes.

Step 3 Statistical Methods for Time-Dependent ROC
Analysis and Machine Learning-Based Feature Impor-
tance Evaluation of Atherogenicity Indices in Prediabetes
Risk Prediction.

Time-dependent ROC analysis

Time-dependent receiver operating characteristic (ROC)
curve analysis was conducted to assess the predic-
tive performance of each atherogenicity index, follow-
ing the methodology described by Heagerty et al. [41].
The area under the curve (AUC) values were calculated
for three time points (3-, 4-, and 5-year) to evaluate the
discrimination ability of each index. For each atheroge-
nicity index, optimal thresholds were determined using
the Youden index method (maximum value of sensitiv-
ity + specificity—1) at each time point, as recommended
by Pencina et al. [42].

Combined model development

The purpose of constructing our combined model is to
explore the incremental predictive value of a comprehen-
sive multi-index assessment for prediabetes, which helps
to comprehensively understand the synergistic effects
among different indices. Given the high correlation
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among the six atherogenicity indices, traditional Cox
regression analysis was not suitable for combining these
parameters to predict prediabetes risk due to multicol-
linearity issues. Therefore, we employed a machine learn-
ing approach to select and integrate these indices for
developing a combined prediction model. The eXtreme
Gradient Boosting (XGBoost) algorithm was chosen for
its ability to handle correlated features and capture non-
linear relationships between predictors [43].

A combined model incorporating all six atherogenicity
indices was developed to evaluate the potential improve-
ment in predictive performance. The time-dependent
AUC values for the combined model were calculated
using the same methodology as individual indices to
ensure direct comparability [41, 42].

Feature importance analysis

To enhance the robustness and reliability of our find-
ings, we employed two complementary machine learning
approaches—XGBoost algorithm and Boruta method—
to independently quantify and cross-validate the relative
importance of atherogenicity indices in predicting pre-
diabetes risk [43]. The model was trained using fivefold
cross-validation, and feature importance was calculated
based on gain metrics, which measure each variable's
contribution to the model. The importance scores were
normalized to a 0-1 scale, allowing direct comparison
between indices. This analysis provided insights into the
hierarchical contribution of different atherogenicity indi-
ces, as visualized in the relative importance plot.

Statistical software

All statistical analyses were performed using R soft-
ware (http://www.R-project.org, The R Foundation) and
EmpowerStats software (X&Y Solutions, Inc; http://www
.empowerstats.com). Statistical significance was defined
as two-sided P<0.05.

Results

Characteristics of participants

In this retrospective cohort study, we analyzed data from
97,151 participants with a mean age of 42.8 +12.4 years.
The study population demonstrated a near-equal gen-
der distribution (51.2% male, n=49,698; 48.8% female,
n=47,453). Metabolic parameters revealed a mean fast-
ing plasma glucose of 4.8+0.5 mmol/L, with a BMI of
23.0+3.2 kg/m?.

Based on progression to prediabetes during the study
period, participants were categorized into non-progres-
sion (n=85,952) and progression groups (n=11,199).
The group that progressed to prediabetes demon-
strated significantly higher mean age (48.9+13.7 vs
42.0+£12.0 years, P<0.001) and a greater proportion of
male participants (61.4% vs 49.8%, p =0.001) compared
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to those who did not progress. Statistical analysis
revealed significant differences (all P<0.001) across mul-
tiple clinical parameters, with the progression group con-
sistently showing elevated values in BMI, blood pressure,
FPG, lipid profiles, atherogenicity indices, and hepatic
and renal function markers. Furthermore, the progres-
sion group exhibited higher rates of smoking (20.4% vs
14.8%) and alcohol consumption (2.9% vs 1.7%), although
family history distribution showed no significant varia-
tion between groups (Table 1).

Across the stratification of multiple metabolic risk indi-
ces (CRI-I, CRI-I, AIP, Al, LCI, and Cholesterol Index),
consistent significant trends were observed: progressive
increases in age, BMI, blood pressure, lipid levels (TC,
TG, LDL-C), and liver enzyme levels, accompanied by
decreasing HDL-C. The stratifications revealed system-
atic changes in gender composition and lifestyle factors,
with higher proportions of males and increased smoking
and drinking rates in higher-risk quartiles. These findings
suggest a robust interconnection between metabolic risk
indices and comprehensive health parameters, highlight-
ing their potential as valuable tools for holistic health risk
assessment (Table S2-S7).

Inter-relationships among atherogenicity indices and their
distributions

Comprehensive correlation analysis demonstrated sta-
tistically significant associations among all cardiovas-
cular indices examined (P<0.001). CRI-I exhibited a
perfect positive correlation with Al (r=1.00, P<0.001),
indicating complete linear dependence between these
parameters. The CRI-II demonstrated robust positive
correlations with both AI (r=0.94, P<0.001) and the
cholesterol index (r=0.91, P<0.001), suggesting strong
physiological interconnections. The LCI showed substan-
tial correlations with other cardiovascular parameters,
with correlation coefficients ranging from 0.68 to 0.75 (all
P<0.001). The AIP demonstrated variable associations
with other indices, exhibiting its strongest correlation
with Al (r=0.67, P<0.001) and weakest with the cho-
lesterol index (r=0.44, P<0.001). Distribution analysis
revealed predominantly normal distributions across most
indices, with the exception of LCI, which displayed mild
positive skewness (Fig. 2).

The incidence rate of pre-diabetes

During the median 2.99 (2.13,3.95)-year follow-up,
11,199 participants developed prediabetes (11.53%, 95%
CI: 11.33%-11.73%), yielding an overall cumulative inci-
dence rate of 3.71 per 100 person-years.

The incidence rate of prediabetes demonstrated a sig-
nificant age-dependent increase across all age groups
(p<0.001). The overall incidence rates progressively
increased from 5.2% in individuals younger than 30 years
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Table 1 The baseline characteristics of participants

Characteristics  Total Non-pre- pre- P
population diabetes diabetes value
(N=97,151) (N=85,952) (N=11,199)
Age, years 428+124 420+£120 489+13.7 <0.001
Gender, n (%) 0.001
Male 49,698 42,817 6,881
(51.2%) (49.8%) (61.4%)
Female 47,453 43,135 4318
(48.8%) (50.2%) (38.6%)
BMI (kg/mz) 23.0+3.2 229+32 243432 <0.001
SBP (mmHg) 1179+160 1170156 1250+175 <0.001
DBP (mmHg) 73.6+10.7 73.1£105 773113 <0.001
FPG (mmol/L) 48+0.5 48405 50+04 <0.001
TC (mmol/L) 47+0.8 47408 49+09 <0.001
TG (mmol/L) 1.0(0.7-15) 1.0(0.7-1.5) 13(09-1.8) <0.001
HDL-C (mmol/L)  1.4+03 14+03 14+03 <0.001
LDL-C (mmol/L) 27+06 27+06 28+06 <0.001
ALT (U/L) 17.3 17.0 20.0 <0.001
(126-26.0)  (12.3-255)  (14.2-30.0)
AST (U/L) 220 219 231 <0.001
(18.0-27.1) (17.8-27.0) (19.0-28.8)
BUN (mmol/L) 46+1.2 46+1.2 48+1.2 <0.001
Scr (umol/L) 69.7+15.7 69.2+156 73.0x157 <0.001
CRH 35408 35+08 37408 <0.001
CRI-II 20+06 20+06 21+£06 <0.001
AIP -0.1+0.3 -0.1+03 -0.0+0.3 <0.001
Al 25+08 25+08 27+08 <0.001
LCl 94 9.0 12.8 <0.001
(5.3-17.1) (5.2-16.4) (7.2-22.0)
CHOLINDEX 13+0.7 1.3+06 15+06 <0.001
Smoking status, 0.001
n (%)
Current smoker 14,986 12,698 2,288
(15.4%) (14.8%) (20.4%)
Ever smoker 3,147 (32%) 2,708 (3.2%) 439 (3.9%)
Never smoker 79,018 70,546 8,472
(81.3%) (82.1%) (75.6%)
Drinking status, 0.001
n (%)
Current drinker 1,815(1.9%) 1,487 (1.7%) 328 (2.9%)
Ever drinker 13,316 11,490 1,826
(13.7%) (13.4%) (16.3%)
Never drinker 82,020 72,975 9,045
(84.4%) (84.9%) (80.8%)
Family history of 0.104
diabetes, n (%)
Yes 2,128 (2.2%) 1,859 (2.2%) 269 (2.4%)
No 95,023 84,093 10,930
(97.8%) (97.8%) (97.6%)

Values are n(%), mean = SD or medians (quartiles)

BMI body mass index, FPG fasting plasma glucose, DBP diastolic blood
pressure, TC total cholesterol, SBP systolic blood pressure, TG triglyceride, ALT
alanine aminotransferase, LDL-c low-density lipid cholesterol, AST aspartate
aminotransferase, HDL-c high-density lipoprotein cholesterol, BUN blood urea
nitrogen, Scr serum creatinine, CRI-I Castelli's Risk Index |, CRI-Il Castelli's Risk
Index II, AIP Atherogenic Index of Plasma, Al Atherogenic Index, LC/ Lipoprotein
Combine Index, CHOLINDEX Cholesterol Index
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to 26.2% in those aged over 70 years. A consistent gender
disparity was observed across all age groups, with males
showing higher incidence rates compared to females
(male vs. female: 27.4% vs. 24.5% in>70 age group,
p<0.001). The most pronounced increase in incidence
rate occurred between the age groups of 40-50 and
50-60 years, where the overall rate increased from 11.5
to 17.0% (A =5.5%). This gender-specific age-related pat-
tern suggests that both age and male sex are risk factors
for prediabetes development (Figure S1).

Our survival analysis revealed distinct patterns of asso-
ciation between atherogenicity indices and the risk of
prediabetes development. For AIP, LCI, and CHOLIN-
DEX, a clear dose-dependent relationship was observed:
as biomarker levels increased from Q1 to Q4, the prob-
ability of maintaining prediabetes-free survival pro-
gressively decreased. In contrast, CRI-I, CRI-II, and
Al exhibited a different pattern: rather than showing a
linear increase in risk with higher levels, the Q3 group
demonstrated the lowest prediabetes-free survival rates.
This manifested as the highest risk of prediabetes devel-
opment in the Q3 group, while Q1, Q2, and Q4 groups
showed relatively lower incidence rates. The survival
differences across all indicators became apparent after
2-3 years of follow-up and reached maximum separation
at the 5-year endpoint (Figure S2).

Results from a multivariate Cox proportional-hazards
regression model

Through Z-score standardization of atherogenicity indi-
ces and comprehensive Cox proportional hazards regres-
sion analysis, we systematically evaluated the differential
impact of these indices on prediabetes risk. The AIP
(Z-score) demonstrated a consistent positive associa-
tion across three progressive models, with HR declining
from 1.343 (95% CI 1.320-1.367, P<0.0001) in Model
I to 1.096 (95% CI 1.073-1.119, P<0.0001) in Model II,
and 1.057 (95% CI 1.035-1.080, P<0.0001) in the final
model. Despite the reduction in HR, AIP maintained
statistically significant positive associations, highlight-
ing its robust predictive potential for prediabetes risk.
The LCI (Z-score) exhibited a similar pattern of stable
positive correlation, with HR marginally decreasing from
1.264 (95% CI 1.245-1.283, P<0.0001) in Model I to
1.055 in Model II and 1.020 in Model III, while retaining
statistical significance. In contrast, Castelli's Risk Indi-
ces (CRI-I and CRI-II) demonstrated more pronounced
variations: CRI-I (Z-score) decreased from 1.113 (95%
CI 1.094-1.132, P<0.0001) to 0.919 (Model II) and 0.878
(Model III), while CRI-II (Z-score) declined from 1.120
(95% CI 1.101-1.139, P<0.0001) to 0.953 (Model II)
and 0.916 (Model III), both maintaining statistical sig-
nificance. The AI mirrored CRIl's trajectory exactly.
The CHOLINDEX(Z-score) exhibited the most unique
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Fig. 2 Correlation matrix analysis of atherogenicity indices. Correlation matrix showing relationships between the six atherogenicity indices (CRI-I, CRI-
Il, AIP, Al, LCl, and CHOLINDEX) in the study cohort. The diagonal panels display histogram distributions for each variable. Lower triangular panels show
scatter plots with fitted curves (red lines) illustrating bivariate relationships. Upper triangular panels present Pearson correlation coefficients, with asterisks
(***) indicating statistical significance at p <0.001. The correlation matrix reveals strong positive associations between most indices, with correlation coef-
ficients ranging from 0.44 to 1.00

Table 2 Relationship between atherogenicity indices and the incident prediabetes in different models

Variables Model I HR (95% Cl) P value Model Il HR (95% ClI) P value Model Il HR (95% Cl) P value
CRI-I(Z-score) 1.113(1.094, 1.132) <0.0001 0.919(0.901, 0.936) <0.0001 0.878(0.861, 0.895) <0.0001
CRI-lI(Z-score) 1.120(1.101, 1.139) <0.0001 0.953(0.935,0.971) <0.0001 0.916(0.898, 0.933) <0.0001
AIP(Z-score) 1.343(1.320, 1.367) <0.0001 1 096(1 073,1.119) <0.0001 1.057(1.035, 1.080) <0.0001
Al(Z-score) 1.113(1.094,1.132) <0.0001 919(0.901, 0.936) <0.0001 0. 878(0 861,0.895) <0.0001
LCI(Z-score) 1.264 (1.245,1.283) <0.0001 1 055(1 037,1.074) <0.0001 020(1.002, 1.038) 0.0267
CHOLINDEX(Z-score) 1.195 (1.174,1.216) <0.0001 015(0.996, 1.035) 0.1163 0. 974(0 955,0.992) 0.0063

Model I: we did not adjust other covariates
Model Il: we adjust age, gender, BMI, SBP, DBP, smoking status, drinking, family history of diabetes
Model lll: we adjust variables in Adjust |+ FPG, ALT, AST, BUN, Scr

HR Hazard Ratio, Cl Confidence Interval, CRI-I Castelli Risk Index I, CRI-/l Castelli Risk Index II, AIP Atherogenic Index of Plasma, Al Atherogenic Index, LCI Lipoprotein
Combine Index, CHOLINDEX Cholesterol Index

pattern, transitioning from 1.195 (95% CI 1.174-1.216, The non-linearity addressed by Cox proportional hazards

P<0.0001) in the initial model to 1.015 (P=0.1163, losing  regression model with cubic spline functions

significance) in Model II, and ultimately to 0.974 (95% CI ~ The present study first systematically revealed the com-

0.955-0.992, P=0.0063) in the final model (Table 2). plex nonlinear associations between six atherogenicity
indices and prediabetes risk (Fig. 3). The likelihood ratio
tests (all P<0.001) provided strong statistical evidence
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Fig. 3 Non-linear associations between atherogenicity indices and risk of prediabetes. Restricted cubic spline models showing the relationship between
various atherogenicity indices and log-transformed relative risk (Log RR) for adverse outcomes. The solid red line represents the estimated Log RR, and the
green shaded areas indicate the 95% confidence intervals. The reference values were set at the median of each index. A Al, B AIP, C CHOLINDEX, D CRI-,

E CRI-II, and F LCI. P values for non-linearity were <0.001 for all indices

for the nonlinear associations of all indices, significantly
breaking through the limitations of traditional linear risk
assessment models.

CRI-I and AI exhibited highly consistent nonlinear risk
patterns. Both indices showed significant differences in
predictive efficacy before and after different inflection
points (CRI-I at 3.12, AI at 2.12). Below the inflection

point, risk increased significantly (HR: 1.341, 95% CI
1.214-1.482, P<0.0001), suggesting that minor index
changes in specific metabolic states might lead to a sig-
nificant increase in prediabetes risk. Above the inflection
point, risk rapidly declined (HR: 0.786, 95% CI 0.763—
0.810, P<0.0001), implying potential protective meta-
bolic compensation mechanisms.
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CRI-II demonstrated a slightly different nonlinear asso-
ciation characteristic. Its inflection point was 1.884, with
significantly increasing risk below the inflection point
(HR: 1.348, 95% CI 1.218-1.492, P<0.0001) and more
significantly declining risk above the inflection point
(HR: 0.742, 95% CI 0.708-0.777, P<0.0001), reflecting a
more dramatic risk transformation process.

AIP presented the most unique nonlinear association.
At an inflection point near zero, AIP exhibited extremely
high-risk prediction capabilities (HR: 1.673, 95% CI
1.453-1.927, P<0.0001); beyond the inflection point,

Table 3 Nonlinear associations between atherogenicity indices
and prediabetes risk

Variables Modell Model Il (Nonlinear effects)
HR Pvalue Inflec- Nonlinear effects HR
(95% tion (95% Cl) P value
Cl) point
CRHH 0.855 <0.0001 312 <Inflection point: 1.341
(0.836, (1.214,1.482), P<0.0001
0.875) > Inflection point: 0.786
(0.763,0.810), P<0.0001
Likelihood ratio test:
P<0.001
CRI-II 0.862 <0.0001 1.884 <lInflection Point: 1.348
(0.835, (1.218,1.492), P<0.0001
0.890) >Inflection point: 0.742
(0.708,0.777), P<0.0001
Likelihood ratio test:
P<0.001
AlP 1.226 <0.0001 O <Inflection Point: 1.673
(1.134, (1.453,1.927), P<0.0001
1.324) > Inflection point: 0.892
(0.773,1.030), P=0.1192
Likelihood Ratio Test:
P<0.001
Al 0.855 <0.0001 212 <Inflection point: 1.341
(0.836, (1.214, 1.482), P<0.0001
0.875) > Inflection point: 0.786
(0.763,0.810), P<0.0001
Likelihood ratio test:
P<0.001
LCl 1.002 00267 3625  <Inflection point: 1.213
(1.000, (1.122,1.312), P<0.0001
1.003) > Inflection point: 1.001
(0.999, 1.003), P=0.1762
Likelihood ratio test:
P<0.001
CHOLINDEX 0.960 0.0063 .11 <Inflection point: 1.179
(0.932, (1.077,1.290), P=0.0003
0.988) > Inflection point: 0.894

(0.857,0.932), P<0.0001
Likelihood ratio test:
P<0.001

HR Hazard Ratio, C/ Confidence Interval, CRI-I Castelli Risk Index I, CRI-Il Castelli
Risk Index I, AIP Atherogenic Index of Plasma, Al Atherogenic Index, LCI
Lipoprotein Combine Index, CHOLINDEX Cholesterol Index

Adjusted Variables: age, gender, BMI, SBP, DBP, smoking status, drinking, family
history of diabetes, FPG, ALT, AST, BUN, Scr
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predictive efficacy significantly disappeared (HR: 0.892,
95% CI 0.773-1.030, P=0.1192), revealing the fine-tuned
regulatory mechanism of lipid metabolism in prediabetes
development.

LCI showed a relatively moderate nonlinear association
pattern. Its inflection point was 3.625, with significant
risk below the inflection point (HR: 1.213, 95% CI 1.122—
1.312, P<0.0001) and near-neutral risk above the inflec-
tion point (HR: 1.001, 95% CI 0.999-1.003, P=0.1762),
reflecting the gradual transformation characteristics of
metabolic indices.

CHOLINDEX displayed a typical n-shaped association
pattern, with an inflection point at 1.11. Below the inflec-
tion point, risk progressively increased (HR: 1.179, 95%
CI 1.077-1.290, P=0.0003); above the inflection point,
risk rapidly declined (HR: 0.894, 95% CI 0.857-0.932,
P<0.0001), reflecting the complex regulatory network of
lipid metabolism (Table 3).

Comparative analysis of atherogenicity indices' predictive
capability using XGBoost algorithm and Boruta method
The XGBoost algorithm and Boruta method were imple-
mented to quantify the relative importance of each ath-
erogenicity index in predicting prediabetes risk (Fig. 4).
The result of XGBoost algorithm showed that among the
included indices in our model, LCI showed the highest
relative importance score (0.49), followed by AIP, CRI-
I, CRI-II, and with moderate importance scores ranging
from 0.10 to 0.15. CHOLINDEX exhibited the lowest rel-
ative importance (0.05).

Similarly, Boruta feature importance analysis revealed
a hierarchical pattern of predictive significance among
atherogenicity indices. AIP, CRI-II and LCI emerged as
the most influential predictors, with importance scores
approaching 70, significantly outperforming other mark-
ers. Al demonstrated moderate predictive potential,
while CHOLINDEX and CRI-I exhibited relatively lower
discriminative capabilities.

Although the results from XGBoost and Boruta meth-
ods were not entirely congruent, their convergent find-
ings consistently underscore the potential significance
of AIP and LCI as informative markers. These comple-
mentary analytical approaches suggest that AIP and LCI
capture distinctive and potentially critical metabolic
signatures uniquely associated with prediabetes risk,
highlighting their robust predictive utility in our compre-
hensive model. However, it's important to note that these
relative importance scores are model-dependent and
require validation in independent cohorts before drawing
definitive conclusions about their clinical significance.

Time-dependent receiver operating characteristic curves
Table 4 presents the best thresholds and areas under the
time-dependent ROC curves for various atherogenicity
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Fig. 4 Relative importance of different atherogenicity indices in predicting incident prediabetes. A. Relative importance of atherogenicity indices in
predicting prediabetes risk, determined by XGBoost algorithm. The x-axis represents the normalized relative importance, highlighting the predictive po-
tential of each index. B. Boruta feature importance analysis of atherogenicity indices, showing the statistical significance and predictive power of different
markers. The y-axis represents the importance score, with higher values indicating greater predictive relevance for prediabetes risk

Table 4 Best threshold and areas under the time-dependent
receiver operating characteristic curves for each atherogenicity
indices predicting future prediabetes risk

Lipid parameter 3-Year 4-Year 5-Year
AUC (best AUC (best AUC (best
threshold) threshold) threshold)
CRHH 0.5514 (3.0063)  0.5671(3.2478)  0.5789 (3.2478)
CRI-II 05514 (1.7251)  0.5577(1.8703)  0.5664 (1.8765)
AIP 0.5952 (—0.0712) 0.6014 (—0.0798) 0.6030
(—0.0875)
Al 05514 (2.0063)  0.5671(2.2478) 0.5789 (2.2478)
LCl 0.5985 (9.3887)  0.6071(10.3095) 0.6082
(10.2597)
CHOLINDEX 0.5597 (1.0650)  0.5638(1.0850)  0.5671 (1.0950)
Combined 0.6753 0.6590 0.6618
indicators

AUC area under the curve, CRI-/ Castelli Risk Index I, CRI-Il Castelli Risk Index
I, AIP Atherogenic Index of Plasma, Al Atherogenic Index, LCI Lipoprotein
Combine Index, CHOLINDEX Cholesterol Index

indices in predicting future prediabetes risk over three,
four, and five years. The predictive accuracy remained
stable across different time points, with minimal varia-
tion between 3-year, 4-year, and 5-year follow-up peri-
ods, suggesting robust long-term prognostic value of
these indicators. Among the evaluated atherogenicity
indices, the Combined Indicators exhibited the highest
AUC values, with scores of 0.6753, 0.6590, and 0.6618

for the 3-year, 4-year, and 5-year timeframes, respec-
tively, indicating modest predictive capability that, while
statistically significant, reflects limited discriminative
ability. The AIP showed AUC values of 0.5952, 0.6014,
and 0.6030 across the respective years, while the LCI
exhibited comparable AUC values of 0.5985, 0.6071,
and 0.6082. These values, though statistically significant,
indicate limited discriminative ability for clinical applica-
tions. Other indices, such as the CRI-I and II, displayed
lower AUC values ranging from 0.5514 to 0.5789. The
combined indicators model showed improved perfor-
mance compared to individual indices, suggesting poten-
tial value in multifactorial assessments. However, even
the combined model achieved only moderate discrimi-
nation (AUC<0.7), indicating limitations for standalone
clinical application (Fig. 5).

Discussion

This study investigated the association between six ath-
erogenicity indices (CRI-I, CRI-II, AIP, AI, LCI, and
CHOLINDEX) and the risk of prediabetes development.
In this large-scale multicenter retrospective cohort study
involving 97,151 participants from 32 healthcare cen-
ters with standardized data collection procedures over
a 5-year follow-up period, we found significant nonlin-
ear associations between all atherogenicity indices and
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Fig. 5 Temporal comparison of predictive performance for atherogenicity indices. This figure shows the area under the receiver operating characteristic
curve values for various atherogenicity indices assessed over different time periods (3-year, 4-year, and 5-year follow-up). The x-axis represents different
lipid parameters including CRI-I, CRI-Il, AIP, Al, LCI, CHOLINDEX, and Combined Indicators. The y-axis shows AUC values ranging from 0.500 to 0.700. The
Combined Indicators demonstrated superior predictive performance compared to individual indices

prediabetes risk. Through comprehensive Cox regression
and advanced machine learning techniques, we identi-
fied AIP as the most significant predictor of prediabetes,
with LCI emerging as a secondary important marker.
Our innovative XGBoost and Boruta analysis uniquely
validated these findings, providing robust evidence of
AIP and LCT's critical role in prediabetes risk assessment.
Time-dependent ROC analysis further validated these
findings, with LCI and AIP demonstrating comparable
discrimination abilities (LCI AUC: 0.5985-0.6082 vs. AIP
AUC: 0.5952-0.6030), while the combined indices model
demonstrated enhanced predictive performance (AUC:
0.6753).

During a median follow-up of 2.99 (2.13,3.95) years,
we observed an overall prediabetes incidence of 3.71/100
person-years (11.53%, 95% CI 11.33%-11.73%). This inci-
dence rate is comparable to previous findings in Asian
populations [44]. The growing obesity epidemic in the
United States has been inextricably linked with a surge
in rates of pre-diabetes. Pre-diabetes has been called
“America’s largest healthcare epidemic,” and current esti-
mates indicate that about 35% of adults in the United
States have pre-diabetes, or approximately 79 million
people [45]. Differences in the prevalence of prediabetes
between East and West may be attributed to multiple fac-
tors: First, dietary patterns significantly influence glucose
metabolism, with East Asian populations potentially ben-
efiting from lower saturated fatty acid intake and higher
dietary fiber consumption. Second, genetic background
plays a crucial role, as studies have identified Asia-spe-
cific genetic polymorphisms that may affect insulin
sensitivity and secretion [46]. Notably, we observed sig-
nificant age-dependent increases and gender differences

in incidence rates. The incidence increased progressively
from 5.2% in those under 30 years to 26.2% in those over
70 years, with the most pronounced increase occurring
between the 40-50 and 50-60 age groups (from 11.5 to
17.0%). This age-related pattern likely reflects the cumu-
lative impact of metabolic disorders and organ function
deterioration with advancing age [47].

Our multivariate Cox regression analysis revealed that
AIP maintained significant positive associations with
prediabetes risk after adjusting for multiple confounders,
consistent with recent findings by Yang et al. [28] and Zou
et al. [29]. The study by Zou et al. based on the CHARLS
cohort supported the positive association between AIP
and prediabetes progression [29]. Their study, including
2939 middle-aged and elderly prediabetic participants,
found that cumulative AIP exposure significantly corre-
lated with prediabetes progression. However, unlike our
study, Zou et al. did not include CRI-I, CRI-II, Al, LCI,
and CHOLINDEX as exposure variables, potentially
limiting their comprehensive assessment of various ath-
erogenicity indices. Additionally, their study focused pri-
marily on middle-aged and elderly populations, while our
study covered a broader age range (>18 years), enhanc-
ing the generalizability of our findings across different
age groups. Similarly, LCI demonstrated stable predictive
value, potentially due to its characteristic of comprehen-
sively reflecting multiple lipid components [48]. Despite
the overall consistency with previous studies, some dif-
ferences were observed. For instance, Li et al. observa-
tional study found that the relationship between CRI-I
and CRI-II (Castelli’s Risk Index I and II) and prediabetes
risk was not linear but showed a complex U-shaped curve
[25]. Their study, including 100,309 participants, found
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that prediabetes risk was highest in the middle range (Q3
group) of CRI-I and CRI-II, with lower risks in both low
(Q1 group) and high (Q4 group) ranges. While this non-
linear relationship aligns with our observations, Li et al.'s
study did not further explore the mechanisms underlying
this non-linearity. In contrast, our study employed two-
piecewise regression models and recursive algorithms to
determine inflection points and validate the statistical
significance of these non-linear relationships, provid-
ing more precise guidance for clinical risk stratification.
In addition, the study by Li et al. used logistic regression
analysis in analyzing the relationship between CRI-I and
CRI-II and prediabetes, and therefore could not better
explore the possible causal relationship between CRI-I
and CRI-II and the risk of developing prediabetes com-
pared to the Cox proportional risk regression model used
in our study.

Through cubic spline analysis, we revealed non-linear
associations between six atherosclerosis indices and pre-
diabetes risk, enriching traditional linear risk assessment
models. Despite unique characteristics of individual indi-
ces, a common pattern emerged: metabolic parameters in
early stages influencing prediabetes risk, with potential
metabolic compensation mechanisms observed in later
stages. This risk transformation pattern reflects the com-
plexity of lipid metabolism indices, indicating they do not
follow simple linear relationships.

The non-linear patterns across CRI-I, Al, CRI-1I, LCI,
AIP, and CHOLINDEX suggest underlying metabolic
regulatory mechanisms, potentially involving interac-
tions between lipid metabolism, insulin sensitivity, and
glucose homeostasis. Our findings demonstrate that met-
abolic risk is a dynamic process with critical inflection
points, where subtle biochemical changes may impact
disease risk. Different indices capture unique metabolic
state information, reflecting the body's compensatory
and adaptive characteristics [23, 25, 49-53]. From a clini-
cal perspective, these findings provide a new lens for risk
assessment. The study suggests that prediabetes risk eval-
uation should consider the non-linear features of indices,
rather than relying solely on linear judgments. Clinicians
can use these insights to more comprehensively assess
individual metabolic risks and develop more targeted
intervention strategies.

Our study innovatively employed machine learning
approaches to address the high collinearity among ath-
erogenicity indices in predicting prediabetes risk. Tra-
ditional Cox regression analysis struggled to handle the
strong correlations among CRI-I, CRI-II, AIP, Al, LCI,
and CHOLINDEX (correlation coefficients ranging from
0.44 to 1.00), which aligns with findings from Liu et
al.[24]. While analyzing 1066 patients with non-alcoholic
fatty liver disease from the NHANES database (2017-
2020), Liu et al. encountered similar collinearity issues.
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However, unlike Liu et al.'s single-index approach, we
successfully constructed a joint prediction model incor-
porating multiple collinear indices using the XGBoost
algorithm and Boruta method.

Time-dependent ROC curve analysis demonstrated
that the combined prediction model achieved AUC val-
ues of 0.6753, 0.6590, and 0.6618 for 3-year, 4-year, and
5-year follow-up periods, respectively, significantly out-
performing individual indices. While Li et al. [25] also
evaluated the predictive capability of atherogenicity
indices for prediabetes risk in their cross-sectional stud-
ies of 100,309 Chinese adults, they focused on individual
indices rather than a combined model [25]. Their study
found that among single indices, LCI and AIP showed the
strongest predictive performance for prediabetes. How-
ever, both studies were limited by their cross-sectional
design and inability to assess long-term predictive value.
In contrast, our study not only developed a machine
learning-based combined prediction model that inte-
grates multiple indices, but also confirmed its long-term
stability through time-dependent ROC analysis, repre-
senting a significant methodological advancement in this
field.

Feature importance analysis using XGBoost and Boruta
methods revealed the relatively moderate performance of
AIP and LCI in predicting prediabetes risk. Among the
six atherogenicity indices, AIP and LCI demonstrated
relatively strong predictive capabilities, a finding vali-
dated through multiple machine learning and statistical
approaches. This aligns with Li et al. [25] retrospective
study of 100,309 Chinese adults [25], which identified
LCI and AIP's superior predictive capability through tra-
ditional statistical methods. XGBoost analysis showed
that AIP and LCI were not only relatively prominent in
univariate analysis but also maintained their predictive
advantages in multivariate models that considered com-
plex interactions and collinearity (correlation coefficients
0.44-1.00) among indices. The Boruta method further
confirmed the importance of these two indices, providing
a more robust feature selection result. Compared to tra-
ditional single statistical methods, the machine learning
approach could simultaneously evaluate multiple indices
and capture subtle interaction effects between them. This
method overcomes the limitations of traditional analysis
and provides more comprehensive and precise insights
for clinical risk assessment. Our large-sample study
(n=97,151), by integrating XGBoost and Boruta meth-
ods, offers compelling scientific evidence for the role of
AIP and LCI in prediabetes risk prediction.

The potential clinical applications of this study should
be considered within the context of its limitations. First,
our machine learning approach addressed the high col-
linearity among atherogenicity indices, potentially con-
tributing to risk assessment methodology. Our combined



Qiu et al. Cardiovascular Diabetology (2025) 24:220

prediction model showed modest improvements in
discriminative ability compared to individual indices,
but these values remain at the lower end of what would
typically be considered clinically useful for prediction
models. Second, this study uniquely quantified the rela-
tive importance of each atherogenicity index through
XGBoost algorithm and Boruta method, identifying LCI
and AIP as the relative important predictors, establishing
new benchmarks for clinical risk stratification.

Drawing from our large-scale cohort study involv-
ing 97,151 participants, we believe these indices should
be applied cautiously and precisely in clinical practice,
particularly for individuals aged 40-60 with potential
metabolic syndrome risk factors, including those with a
family history of diabetes, who are overweight or obese,
or exhibit lipid metabolism abnormalities. Clinicians
should not treat these as standard universal screening
tools, but rather integrate them with conventional clini-
cal indicators as a precise, personalized risk assessment
approach. For instance, when a patient's LCI or AIP
index exceeds the predictive ROC curve critical value or
approaches the inflection point of a non-linear curve, it
signals the optimal timing for initiating proactive inter-
vention strategies. Such intervention extends far beyond
pharmaceutical treatment, emphasizing comprehensive
lifestyle modifications, including rational dietary adjust-
ments, regular physical exercise, weight management,
and psychological regulation.

Our study demonstrates several notable strengths. First,
in terms of study design, we included a large cohort of
97,151 participants with a 5-year follow-up period, which
not only enhanced statistical power but also improved
external validity. Second, we systematically evaluated the
relationship between six atherogenicity indices and pre-
diabetes risk for the first time. Regarding statistical analy-
sis strategies, our study innovatively applied the machine
learning algorithm to address the high collinearity among
indices and assessed the long-term stability of predic-
tion models through time-dependent ROC curve analy-
sis. Furthermore, we employed two-piecewise regression
models to explore non-linear relationships and identify
critical inflection points, providing more precise guid-
ance for clinical risk stratification. In handling missing
data, we utilized multiple imputation methods to maxi-
mize the retention of valid information. Finally, by estab-
lishing a combined prediction model and quantifying the
relative importance of each index, we not only overcame
the limitations of traditional Cox regression but also
provided a more comprehensive risk assessment tool
for clinical practice. These methodological innovations
enabled our study to more accurately reveal the complex
relationships between atherogenicity indices and predia-
betes risk.
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Several limitations should be noted in this study. First,
as an observational study, we can only establish asso-
ciations between atherogenicity indices and prediabetes
risk, rather than causal relationships. Second, although
our study included data from multiple medical centers,
the study population was limited to urban residents aged
18-75 years, potentially limiting the generalizability of
our findings to these special populations. Third, our study
primarily focused on Chinese Han population; consider-
ing the genetic and lifestyle differences among different
ethnic groups, caution should be exercised when extrap-
olating these findings to other populations. Furthermore,
while we adjusted for multiple known confounding fac-
tors, including age, gender, BMI, blood pressure, and
lifestyle factors, there might still be unmeasured or
unmeasurable confounding factors, such as genetic fac-
tors and detailed dietary information. Additionally, sev-
eral methodological limitations should be acknowledged.
Despite using advanced machine learning techniques,
our models may still be subject to overfitting, particularly
given the high collinearity among atherogenicity indices.
The XGBoost algorithm, while powerful for handling
complex data, can sometimes produce results that are
difficult to interpret clinically. Furthermore, our predic-
tion model lacks external validation in independent pop-
ulations, which limits the generalizability of our findings.
An important limitation of this study is the modest pre-
dictive performance of the atherogenicity indices, with
AUC values ranging from approximately 0.55 to 0.68. In
the context of clinical prediction models, these values
indicate poor to moderate discriminative ability. Even our
combined model achieved AUC values below 0.7, sug-
gesting limited utility as standalone predictors in clinical
practice. These findings indicate that atherogenicity indi-
ces might be more valuable when incorporated into more
comprehensive risk assessment approaches that include
additional established risk factors for prediabetes.

In conclusion, this study demonstrates statistically
significant associations between atherogenicity indi-
ces and prediabetes risk, highlighting the importance of
considering their nonlinear relationships and combined
effects. While the predictive performance of these indi-
ces is modest, with AUC values at the lower end of clini-
cal utility, these findings advance our understanding of
prediabetes pathophysiology and may contribute to risk
assessment when used in conjunction with other estab-
lished predictors.
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