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Abstract
Background  Dyslipidemia has been proved to play a pivotal role in biological aging. Atherogenic Index of Plasma 
(AIP), derived from serum triglyceride (TG) and high-density lipoprotein cholesterol (HDL-C), is an effective biomarker 
of dyslipidemia. However, whether AIP can be used as an indicator of biological aging remains unclear. This study aims 
to investigate the relationship between AIP and biological aging in the US adult population.

Methods  4,471 American adults with age over 20 years from the National Health and Nutrition Examination Survey 
(NHANES) database were included in this study. Biological aging was assessed by phenotypic age acceleration 
(PhenoAgeAccel). Multivariable linear regression models, subgroup analyses and interaction tests were employed to 
explore the association between AIP and PhenoAgeAccel. Furthermore, adjusted restricted cubic spline (RCS) analyses 
were employed to assess potential nonlinear relationships, while mediation analysis was utilized to identify the 
mediating effects of homeostatic model assessment of insulin resistance (HOMA-IR). Besides, network pharmacology 
was performed to determine the potential mechanisms underlying dyslipidemia-related aging acceleration.

Results  A total of 4,471 participants were included in this study, the median chronological age, PhenoAge and 
PhenoAgeAccel for the overall population were 49 (35–64) years, 42.85 (27.30–59.68) years, and − 6.92 (− 10.52 
to -2.46) years, respectively. In the fully adjusted model, one unit increase of AIP was correlated with 1.820-year 
increase in PhenoAgeAccel (β = 1.820, 95% CI: 1.085–2.556), which was more pronounced among individuals being 
female, diabetic and hypertensive. Furthermore, RCS analysis revealed a nonlinear relationship between AIP and 
PhenoAgeAccel, with an inflection point identified at -0.043 for AIP via threshold and saturation effect analysis. AIP 
demonstrated a positive correlation with PhenoAgeAccel both before (β = 6.550, 95% CI: 5.070–8.030) and after 
(β = 3.898, 95% CI: 2.474–5.322) this inflection point. Additionally, HOMA-IR was found to mediate 39.21% of the 
association between AIP and PhenoAgeAccel. Finally, network pharmacology analysis identified INS, APOE, APOB, IL6, 
IL10, PPARG, MTOR, ACE, PPARGC1A, and SERPINE1 as core targets in biological aging, which were functionally linked 
to key signaling pathways like AMPK, apelin, JAK-STAT, FoxO, etc.
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Introduction
Accelerated demographic aging poses a pressing chal-
lenge to public health systems globally, given its estab-
lished role as a primary etiological contributor to the 
pathogenesis of prevalent noncommunicable conditions 
[1, 2]. Therefore, preventive strategies and interventions 
aimed at facilitating healthy aging are critical. Although 
everyone ages, the aging rate remains heterogeneous, 
and such heterogeneity in aging pace is reflected by the 
different susceptibility to death and disease. Identifying 
biological aging patterns in individuals of the same age, 
particularly in early life, supports targeted prevention 
by pinpointing high-risk groups for age-related diseases. 
However, how to measure aging remains a critical issue. 
Additionally, for clinical application, these assessments 
should be easy to operate on existing platforms, better 
at risk stratification than traditional metrics, and able to 

identify preclinical risk markers before disease onset or 
functional decline.

A validated approach for assessing biological age accel-
eration involves benchmarking an individual’s func-
tional biomarkers and physiological parameters against 
population-level normative data in the general popula-
tion stratified by chronological age. Numerous aging 
measures have been established using molecular mark-
ers or indicators, with the most prominent and repre-
sentative indicators being the epigenetic clocks (also 
named DNA methylation age) [3] and leukocyte telomere 
length [4]. However, these cellular-level indicators, pre-
dominantly derived from single-tissue or blood-based 
measurements, demonstrate greater utility in evaluating 
organ-specific aging processes, while exhibiting limited 
effectiveness in assessing the efficacy of geroprotective 
interventions or broader health-span related outcomes 

Conclusions  An elevated AIP was notably and positively correlated with accelerated aging, suggesting that AIP may 
serve as an effective predictor to evaluate accelerated aging.
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[5]. Actually, several studies have revealed that while 
these indicators are phenomenal age predictors, they 
exhibit weak to moderate associations with aging out-
comes when excluded what can be explained by chron-
ological age [1, 5–8]. For example, the study conducted 
by Marioni et al. [6] suggested that lower physical and 
mental fitness markers are correlated with epigenetic age 
acceleration, but the latter does not predict short-term 
declines in these fitness measures. In contrast, aging 
measures derived from clinically observable data or char-
acteristics, such as Phenotypic Age, integrate multisys-
tem physiological information across the organism and 
tend to be more robust in predicting aging outcomes [5, 
9, 10]. Such difference in prediction between molecular 
and clinical measures lie in that the former only draw 
information from limited dimensions of the multifacto-
rial aging process, whereas the latter capture multiple 
aspects of diverse aging hallmarks occurred across cel-
lular and intracellular levels [1, 5]. Although composite 
scores from traditional clinical chemistry measures don’t 
offer mechanistic insights, their superior performance, 
affordability, and practicality compared to current molec-
ular measures make them more suitable for assessing 
anti-aging effects at the whole level and identifying high-
risk groups for death and disease [5].

Phenotypic Age (PhenoAge) is one of the existing clini-
cal measures which integrate multiple clinical chemistry 
biomarkers based on parametrization from a Gompertz 
mortality model [11]. Given that the heterogeneity of 
aging rates between persons, chronological time is actu-
ally an inaccurate proxy to establish an aging measure 
[12]. Therefore, unlike previously established aging 
measures that were generated based on the associations 
between their constituent variables and chronological 
age, PhenoAge was formulated and optimized to dif-
ferentiate mortality risk among individuals with the 
same chronological age by using various multi-system 
clinical chemistry biomarkers [1]. Generally, a person's 
PhenoAge represents the age in the general population 
that aligns with that person's mortality risk. PhenoAge 
acceleration (PhenoAgeAccel) represents the deviation 
between PhenoAge and chronological age. A person 
with a positive PhenoAgeAccel signifies that he/she has 
a higher average mortality risk than what he/she should 
have in that chronological age. Currently, PhenoAge, 
serving as a predictive or outcome indicator, has been 
widely applied in various aspects, including: (1) predict-
ing risks of mortality, disease onset, functional decline 
in patients with diverse diseases [13–15]; (2) assessing 
the effects of environmental factors (e.g., tobacco expo-
sure [16]), behavioral factors (e.g., omega-3 fatty acid 
intake, vitamin D supplementation, physical exercise [17, 
18]), and anti-aging interventions (e.g., metformin [19]) 
on aging acceleration. Briefly, PhenoAge is an indicator 

closely linked to an individual's risks of adverse health 
outcomes and capable of reflecting the overall degree of 
an individual's aging.

Dyslipidemia is a significant modifiable risk factor 
tightly associated with biological aging and aging-related 
diseases [20–22], with its typical characteristics being 
elevated levels of total cholesterol (TC), triglycerides 
(TG), and low-density lipoprotein cholesterol (LDL-C), 
and reduced levels of high-density lipoprotein cholesterol 
(HDL-C) [22]. Several composite indicators were estab-
lished based on these variables and proved to be signifi-
cantly associated with the adverse outcomes of various 
diseases, including the TG/LDL-C ratio [23], non-HDL-
C to HDL-C ratio (NHHR) [24], remnant cholesterol 
(RC) [25], atherogenic Index of plasma (AIP) [26], etc.. 
Notably, AIP, calculated as log₁₀(TG/HDL), has been 
established as a superior predictor among dyslipidemia-
related indicators, which exhibits robust associations not 
only with dyslipidemia itself but also with a spectrum of 
cardiometabolic disorders, including cardiovascular dis-
eases, diabetes, metabolic syndrome, and hypertension 
[27–30]. This can be illustrated by the following facts. 
Firstly, in contrast to other dyslipidemia indicators, AIP 
integrates two atherogenic lipid parameters—triglyc-
erides (TG) and high-density lipoprotein cholesterol 
(HDL-C)—via a logarithmic transformation of their 
ratio (log₁₀(TG/HDL-C)). This nonlinear transformation 
amplifies sensitivity to dynamic metabolic abnormali-
ties [31]. Moreover, AIP shows a pronounced correlation 
with the particle diameter of small dense LDL (sdLDL), 
a key driver of atherosclerosis [32]. This enables AIP to 
mirror the underlying pathogenic mechanisms, which is 
a crucial edge over traditional metrics mentioned above. 
Additionally, AIP demonstrates consistent predictive 
validity on health outcomes (e.g., cardiovascular out-
comes [31, 33–35], diabetes mellitus [28, 36, 37]) across 
diverse ethnicities, age groups, and clinical conditions. 
Finally, except for dyslipidemia, AIP outperforms other 
indicators in identifying metabolic disorders such as 
insulin resistance [28], metabolic syndrome [27], diabe-
tes mellitus [37], and so on. AIP was proved to show an 
inverse L-shaped and a J-shaped association with homeo-
stasis model assessment of insulin resistance (HOMA-
IR) and diabetes mellitus [28], respectively. Interestingly, 
HOMA-IR has been reported to positively and non-lin-
early correlate with biological age and advanced aging 
[38]. Consequently, AIP possesses the potential to serve 
as potent biomarker not only for glycometabolic disor-
ders but also for the process of aging. Briefly, given the 
crucial role of dyslipidemia in the aging process and the 
unique advantages of AIP in mirroring dyslipidemia, it 
is reasonable to speculate that a strong link might exist 
between AIP and aging acceleration. Nonetheless, the 
clinical and statistical relationships between AIP and 
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aging, along with relevant mediating factors, and the 
core genes or key mechanisms underlying dyslipidemia-
related accelerated biological aging, all await further 
clarification.

Therefore, we aim to explore the potential link between 
AIP and accelerated aging by using the NHANES data-
base. Meanwhile, network pharmacology was employed 
to explore the core genes or key mechanisms underlying 
such aging acceleration. Our findings are anticipated to 
provide valuable insights concerning biological aging, 
which could potentially help to improve the manage-
ment and prevention of the aging process and age-related 
diseases.

Methods
Study design and data source
This cross-sectional study utilized data from the National 
Health and Nutrition Examination Survey (NHANES), 
which is a nationally representative dataset curated by 
the Centers for Disease Control and Prevention (CDC). 
NHANES merges interviews, physical examinations, 
laboratory assessments and questionnaire data to furnish 

comprehensive health and nutritional profiles of the 
U.S. populace. To obtain a representative sample of the 
U.S. population, a stratified, multistage, and probabilis-
tic sampling methodology was implemented [39]. This 
method guarantees that every member of the target pop-
ulation has a well-defined, non-zero probability of being 
selected, and it employs randomization to eliminate 
selection bias, thus ensuring the sample representative-
ness and valid generalizations [40, 41]. All NHANES pro-
tocols received approval from the Research Ethics Review 
Board of the National Center for Health Statistics, and 
written informed consent was obtained from all survey 
participants. Comprehensive information regarding the 
NHANES study and its associated data can be found on 
the official website at ​h​t​t​p​​s​:​/​​/​w​w​w​​.​c​​d​c​.​​g​o​v​​/​n​c​h​​s​/​​n​h​a​n​e​s.

Study population
This study included participants from 2007 to 2010, as 
C-reactive protein data utilized for calculating PhenoAge 
has not been available since 2011 [39].

Participants aged 20  years and above who had com-
plete data on PhenoAge, AIP, and other key covariates 

Fig. 1  Flow chart of participants selection
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were included in the analysis. We excluded those with 
incomplete PhenoAge data (N = 7,530) and individuals 
lacking AIP data (N = 6,694). Furthermore, participants 
without sufficient information on physical activity, demo-
graphic details, body mass index, behavioral factors, and 
health conditions were also removed from the analysis. 
As a result, a total of 4,471 individuals were included in 
the final analysis. A flowchart detailing the selection pro-
cess of participants was presented in Fig. 1.

Assessment of atherogenic index of plasma (AIP) and 
HOMA-IR
The atherogenic index of plasma (AIP) is calculated 
using the formula as previously described [42, 43]: 
AIP = log[TG(mmol/L)/HDL-C(mmol/L)], where TG 
represents triglycerides and HDL-C stands for high-
density lipoprotein cholesterol. The homeostatic model 
assessment of insulin resistance (HOMA-IR) can be 
determined using the formula: HOMA-IR = [fasting 
serum insulin (μU/mL) × FPG (mg/dL)/405], where FPG 
denotes the concentration of fasting plasma glucose, as 
previously detailed [44].

Assessment of PhenoAgeAccel
Details regarding the definition of PhenoAge and Phe-
noAgeAccel are provided in the supplementary mate-
rials (Supplementary Method 1). Briefly, based on the 
definition of PhenoAge established by Levine et al. [11], 
the PhenoAge was calculated using ten variables associ-
ated with aging, including chronological age, albumin, 
creatinine, glucose, C-reactive protein, lymphocyte per-
centage, mean cell volume, red blood cell distribution 
width, alkaline phosphatase, and white blood cell count 
(Supplementary Table  1). The comprehensive protocols 
for sample collection, preservation, processing, and anal-
ysis required to obtain these data have been detailedly 
reported elsewhere [17, 39].

PhenoAge Acceleration (PhenoAgeAccel) is defined 
as the residual from a linear model in which Phenotypic 
Age is regressed on chronological age [1, 17, 39]. Conse-
quently, PhenoAgeAccel denotes the phenotypic age with 
the consideration of chronological age. In other words, 
it reflects whether, in terms of physiology, an individual 
seems older (indicated by a positive value) or younger 
(indicated by a negative value) than what would be antici-
pated according to their actual age. In this study, individ-
uals with positive PhenoAgeAccel values were classified 
as the aging-acceleration group, while those with non-
positive values were classified as the non-aging-acceler-
ation group.

Covariates
The covariates included in the current study were physi-
cal activity (PA), demographic details (including age, 

gender, race, education level, poverty income ratio 
and marital status), BMI, behavioral factors (smok-
ing, drinking), and health conditions (including diabe-
tes, cardiovascular disease, and hypertension). Among 
these variables, race/ethnicity was classified as Mexican 
American, non-Hispanic White, non-Hispanic Black, 
other Hispanic, and other. Education levels were divided 
into three levels as previously described [45–47], includ-
ing less than high school, high school or equivalent, and 
some college or above. Marital status was grouped into 
three categories as referred to previous studies [45–47], 
including married, never married and others. Individuals 
were diagnosed as having diabetes with any of the follow-
ing criteria [48]: (1) hemoglobin A1C level of 6.5% or a 
fasting plasma glucose concentration of ≥ 126 mg/dL; (2) 
answered “yes” to the question of “Doctor told you have 
diabetes? or Taking insulin now?”; (3) with fasting glu-
cose ≥ 7.00  mmol/L; (4) with the two-hour oral glucose 
tolerance test (OGTT) ≥ 11.10mmo/L; (5) with random 
blood glucose ≥ 11.10  mmol/L; (6) taking diabetic medi-
cation or insulin for treatment now. Hypertension can 
be identified among those who meet one or more of the 
following conditions [49]: (1) individuals who responded 
“yes” to the question of “Has a doctor or any other 
health professional ever told you that you had hyper-
tension?”; (2) with average systolic blood pressure (SBP) 
was ≥ 130 mmHg or the average diastolic blood pressure 
(DBP) ≥ 80 mmHg; (3) taking any anti-hypertensive drug 
for treatment currently. The five principal CVD events, 
including congestive heart failure (CHF), coronary heart 
disease (CHD), angina, cardiac arrest, and stroke were 
utilized to define cardiovascular disease (CVD) [48]. Indi-
viduals who answered "yes" to the question of “Have you 
ever been told by a physician that you had CHD/CHF/
angina/a heart attack or a stroke?” were diagnosed as 
having CVD. Physical activity (PA) was evaluated based 
on the Global Physical Activity Questionnaire (GPAQ), 
which included the frequency and duration of vigorous 
and moderate of activities. The assessment of PA encom-
passed both the frequency (number of sessions per week) 
and the duration (length of time each session) of exer-
cise. Previously studies have revealed that one minute of 
vigorous PA is equivalent to two minutes of moderate-
intensity PA [45–47]. Given this, the weekly total PA 
can be calculated by the following formula: 2*vigorous 
PA + moderate PA.

Alcohol consumption status was classified into four 
categories [47]: never drinker, formal drinker, current 
drinker, and missing. Specifically, individuals who had 
never consumed 12 alcoholic beverages were classified 
as never-drinkers. Those who had consumed 12 drinks 
but had stopped drinking were designated as former 
drinkers. In contrast, individuals who had consumed 
at least 12 drinks and had at least one drink in the past 
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12  months were identified as current drinkers. Partici-
pants with incomplete drinking data were categorized 
as missing data. Smoking status was classified into three 
categories—never smokers, former smokers, and cur-
rent smokers—based on self-reported questionnaire data 
as previously detailed [47]. Individuals who had never 
smoked 100 cigarettes in their lifetime were designated 
as never smokers. Those who had smoked 100 cigarettes 
but had subsequently ceased were categorized as former 
smokers, while individuals who had smoked 100 ciga-
rettes and continued to smoke were identified as current 
smokers.

Network pharmacological analysis
In order to further explore the potential targets and 
mechanisms of cholesterol metabolism, triglyceride 
metabolism and insulin resistance in relation tobiologi-
cal aging, we conducted the network pharmacological 
analysis. Firstly, the genes responsible for the above-men-
tioned four biological processes were obtained from the 
GeneCards database (https://www.genecards.org/) and 
Online Mendelian Inheritance in Man (OMIM) data-
base using the key words of “cholesterol metabolism”, 
“insulin resistance”, “triglyceride metabolism”, and “bio-
logical aging”, respectively. Then, the intersection tar-
gets among the four biological processes were identified 
using Venny 2.1 (​h​t​t​p​​s​:​/​​/​b​i​o​​i​n​​f​o​g​​p​.​c​​n​b​.​c​​s​i​​c​.​e​s​/​t​o​o​l​s​/​v​e​n​n​
y​/). Furthermore, the protein–protein interactions (PPIs) 
of the overlapping genes were analyzed in the STRING 
database (ttps://string-db.org/), and the PPI network was 
established by Cytoscape (Version 3.8.2) software. The 
determination of the top 10 core targets was based on 
the comprehensive judgement of betweenness, closeness 
and degree of the PPI nodes [50]. Finally, the intersec-
tion targets were subsequently uploaded to the Database 
for Annotation, Visualization, and Integrated Discovery 
(DAVID, ​h​t​t​p​​:​/​/​​d​a​v​i​​d​.​​a​b​c​​c​.​n​​c​i​f​c​​r​f​​.​g​o​v​/) to conduct ​a​n​a​l​
y​s​e​s for the Kyoto Encyclopedia of Genes and Genomes 
(KEGG) and Gene Ontology (GO). GO terms and KEGG 
pathways were deemed significant if they had a P-value 
less than 0.05.

Statistical analysis
The appropriate NHANES sampling weights, as well as 
the intricate multistage cluster survey design were taken 
into account in all statistical analyses. NHANES sampling 
weights are created to handle the complex survey design 
(oversampling), non-response and post-stratification 
adjustment to ensure representativeness of the U.S. civil-
ian noninstitutionalized population, with each weight 
reflecting the theoretical population count represented 
by the participant [51]. The baseline characteristics of 
the participants were presented based on the quartiles of 
AIP, and continuous variables were described as median 

and interquartile ranges (IQR) due to their non-normal 
distributions while categorical variables were exhibited as 
frequencies and percentages. The differences in charac-
teristics across AIP categories were compared using Rao-
Scott chi-squared test or Kruskal–Wallis test.

Multivariable linear regression models were established 
to assess the association between AIP and PhenoAgeAc-
cel, among which AIP was analyzed as both a categorical 
variable (quartiles) and continuous variable (the β value 
being calculated for each unit increase). Three models 
were established: Model 1 was adjusted for no covariate; 
Model 2 was adjusted for age, gender, race, education, 
marital status, and PIR; Model 3 was further adjusted 
for BMI, diabetes, hypertension, CVD, smoking, alcohol 
consumption, and PA based on Model 2. Moreover, to 
explore the dose–response relationship between AIP and 
PhenoAgeAccel, restricted cubic splines (RCSs) based on 
multivariable linear regression models was conducted. 
As previously described [38], the number of nodes was 
initially set between 3 and 5, and further determined 
based on the lowest AIC value for each setting. If a non-
linear relationship between AIP and PhenoAgeAccel was 
identified, the “segmented” package was used to deter-
mine the inflection point, relying on the results of like-
lihood-ratio test and the bootstrap resampling method 
[24]. Also, associations between AIP and PhenoAgeAccel 
on both sides of the breakpoint were assessed using seg-
mented multivariable linear regression model.

To identify the robustness and stability of AIP-Pheno-
AgeAccel association, subgroup analyses and interaction 
tests were also conducted based on variables of gender, 
age, BMI, education, marital status, PIR, diabetes, hyper-
tension, CVD, smoking and drinking. If the interaction 
test yielded significant results, subsequent stratified RCS 
analyses were conducted to examine potential variations 
in the AIP-PhenoAgeAccel association across subgroups 
stratified by the identified effect-modifying variable. 
Additionally, the R package of ‘mediation’ was performed 
to investigate the mediation effects of HOMA-IR on AIP-
PhenoAgeAccel association after adjusting covariates 
included in model 3 as previously described [52]. Briefly, 
the mediation analysis employed two sequential models: 
a mediator model assessing the association between AIP 
(exposure) and HOMA-IR (mediator), and an outcome 
model simultaneously incorporating AIP and HOMA-IR 
to quantify their effects on PhenoAgeAccel (outcome).
The mediation percentage is calculated to quantify the 
magnitude of the mediation effect, which is defined as 
the ratio of the indirect effect to the total effect. Boot-
strap resampling with 1000 iterations was utilized to test 
the significance of mediation effect [53].

All statistical analyses were performed using R software 
(version 4.4.2, ​h​t​t​p​​s​:​/​​/​c​r​a​​n​.​​r​-​p​​r​o​j​​e​c​t​.​​o​r​​g​/​b​​i​n​/​​w​i​n​d​​o​w​​s​/​b​a​
s​e​/), with a significance threshold of P < 0.05 (two-tailed).

https://www.genecards.org/
https://bioinfogp.cnb.csic.es/tools/venny/
https://bioinfogp.cnb.csic.es/tools/venny/
http://david.abcc.ncifcrf.gov/
https://cran.r-project.org/bin/windows/base/
https://cran.r-project.org/bin/windows/base/
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Table 1  Baseline characteristics of the study participants
Characteristic Overall AIP

Q1 Q2 Q3 Q4 P 
value

Age (years) 49.00 (35.00–64.00) 45.00 (32.00–61.00) 50.00 (34.00–65.25) 51.00 (35.00–66.00) 51.00 (38.00–64.00)  < 0.001
PIR 2.06 (1.10–4.08) 2.35 (1.22–4.31) 2.09 (1.09–4.14) 2.09 (1.16–3.98) 1.71 (0.97–3.49)  < 0.001
BMI (kg/m2) 27.84 (24.26–32.21) 24.95 (21.89–28.72) 27.27 (23.97–31.19) 29.00 (25.51–32.99) 29.94 (26.88–34.23)  < 0.001
PA (minutes) 174.28 (374.21) 219.05 (424.19) 164.58 (341.21) 178.00 (401.10) 135.53 (315.64)  < 0.001
PhenoAge (years) 42.85 (27.30–59.68) 36.43 (23.10–53.56) 43.27 (26.85–60.26) 44.91 (28.57–61.21) 46.49 (32.48–61.75)  < 0.001
PhenoAgeAccel (years) − 6.92 (− 10.52 to 

-2.46)
− 9.45 (− 12.10 to 
-4.83)

− 7.12 (− 10.27 to 
-2.66)

− 6.27 (− 10.08 to 
-2.00)

− 5.70 (− 8.93 to 
-0.88)

 < 0.001

Gender (%)  < 0.001
 Male 2137 (47.80%) 371 (33.24%) 514 (46.06%) 579 (51.65%) 673 (60.20%)
 Female 2334 (52.20%) 745 (66.76%) 602 (53.94%) 542 (48.35%) 445 (39.80%)
Race (%)  < 0.001
 Mexican American 798 (17.85%) 124 (11.11%) 182 (16.31%) 241 (21.50%) 251 (22.45%)
 Other hispanic 452 (10.11%) 105 (9.41%) 101 (9.05%) 111 (9.90%) 135 (12.08%)
 Non-hispanic white 2213 (49.50%) 513 (45.97%) 576 (51.61%) 535 (47.73%) 589 (52.68%)
 Non-hispanic black 800 (17.89%) 321 (28.76%) 199 (17.83%) 182 (16.24%) 98 (8.77%)
 Other races 208 (4.65%) 53 (4.75%) 58 (5.20%) 52 (4.64%) 45 (4.03%)
Education (%)  < 0.001
 Less than high school 1286 (28.76%) 238 (21.33%) 301 (26.97%) 328 (29.26%) 419 (37.48%)
 High school or equivalent 1043 (23.33%) 221 (19.80%) 267 (23.92%) 282 (25.16%) 273 (24.42%)
 Some college or above 2142 (47.91%) 657 (58.87%) 548 (49.10%) 511 (45.58%) 426 (38.10%)
Marital status (%)  < 0.001
 Married 2365 (52.90%) 526 (47.13%) 596 (53.41%) 623 (55.58%) 620 (55.46%)
 Never married 728 (16.28%) 241 (21.59%) 174 (15.59%) 164 (14.63%) 149 (13.33%)
 Others 1378 (30.82%) 349 (31.27%) 346 (31.00%) 334 (29.79%) 349 (31.22%)
Diabetes (%)  < 0.001
 Yes 501 (11.21%) 75 (6.72%) 102 (9.14%) 144 (12.85%) 180 (16.10%)
 No 3970 (88.79%) 1041 (93.28%) 1014 (90.86%) 977 (87.15%) 938 (83.90%)
Hypertension (%)  < 0.001
 Yes 1581 (35.36%) 295 (26.43%) 379 (33.96%) 430 (38.36%) 477 (42.67%)
 No 2890 (64.64%) 821 (73.57%) 737 (66.04%) 691 (61.64%) 641 (57.33%)
CVD (%)  < 0.001
 No 3987 (89.17%) 1032 (92.47%) 996 (89.25%) 1008 (89.92%) 951 (85.06%)
 Yes 484 (10.83%) 84 (7.53%) 120 (10.75%) 113 (10.08%) 167 (14.94%)
Smoking (%)  < 0.001
 Never smoker 2402 (53.72%) 706 (63.26%) 618 (55.38%) 570 (50.85%) 508 (45.44%)
 Former smoker 1136 (25.41%) 223 (19.98%) 277 (24.82%) 313 (27.92%) 323 (28.89%)
 Current smoker 933 (20.87%) 187 (16.76%) 221 (19.80%) 238 (21.23%) 287 (25.67%)
Alcohol consumption (%)  < 0.001
 Never drinker 536 (11.99%) 142 (12.72%) 142 (12.72%) 128 (11.42%) 124 (11.09%)
 Former drinker 789 (17.65%) 144 (12.90%) 174 (15.59%) 216 (19.27%) 255 (22.81%)
 Current drinker 2840 (63.52%) 734 (65.77%) 726 (65.05%) 702 (62.62%) 678 (60.64%)
 Missing 306 (6.84%) 96 (8.60%) 74 (6.63%) 75 (6.69%) 61 (5.46%)
Aging Acceleration (%)  < 0.001
 No 3758 (84.05%) 1008 (90.32%) 956 (85.66%) 927 (82.69%) 867 (77.55%)
 Yes 713 (15.95%) 108 (9.68%) 160 (14.34%) 194 (17.31%) 251 (22.45%)
AIP, atherogenic index of plasma; CVD, cardiovascular disease; BMI, body mass index; PIR, ratio of family income to poverty; Q, quartile; PA, physical activity; PhenoAge, 
phenotypic age; PhenoAgeAccel, phenotypic age acceleration

Variables of age, PIR, BMI, AIP, PhenoAge and PhenoAgeAccel were presented as Median (Q1-Q3) due to their non-normal distribution characteristics.
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Results
Baseline characteristics
Of the total 4,471 participants included in this study, the 
median chronological age was 49 (35–64) years, and the 
median PhenoAge was 42.85 (27.30–59.68) years, and the 
PhenoAgeAccel was − 6.92 (− 10.52 to -2.46) years. 713 
individuals (15.95%) exhibited accelerated aging, indicat-
ing that they appear to be older than what they should 
be physiologically corresponding to their chronologi-
cal age. The baseline characteristics of the study popu-
lation was presented based on AIP quartiles in Table  1. 
In comparison to individuals in the lowest quartile of 

the AIP, those in the highest quartile were more likely 
to be male and of Mexican American heritage. They also 
exhibited lower levels of PIR, engaged in less physical 
activity, and had higher BMI values. Furthermore, they 
tended to have lower educational levels, be married, were 
more frequently smokers and former drinkers, and had 
an increased likelihood of diabetes, hypertension, and 
CVD. Noteworthily, individuals with higher AIP showed 
higher levels of PhenoAge (Fig. 2A) and PhenoAgeAccel 
(Fig. 2B), as well as higher frequencies of aging accelera-
tion (AIPQ4 vs. Q1: 22.45% vs. 9.68%) (Table 1).

Association between AIP and PhenoAgeAccel
The association between AIP and PhenoAgeAccel was 
presented in Table 2. AIP, when analyzed as continuous 
variable, was found to be significantly and positively cor-
related with PhenoAgeAccel in the non-adjusted model 
(β = 5.189, 95% CI: 4.453–5.926, P < 0.0001), the par-
tially adjusted model (β = 4.886, 95% CI: 4.134–5.638, 
P < 0.0001) and the fully adjusted model (β = 1.820, 
95% CI: 1.085–2.556, P < 0.0001) (Table  2). After AIP 
was classified as categorical variables (quartiles), the 
AIP-PhenoAgeAccel association also remained sta-
tistically significant in all regression models (all P for 
trend < 0.0001). In the fully adjusted model, those in the 
highest AIP quartile group got a 1.582-year increase 
(β = 1.582, 95% CI: 0.970–2.194, P < 0.0001) in Pheno-
AgeAccel as opposed to those in the lowest AIP quartile 
group (Table 2).

The positive AIP-PhenoAgeAccel association 
was further confirmed by the smooth curve fitting 
analysis (Fig.  3). A positive and nonlinear associa-
tion between AIP and PhenoAgeAccel was identified 
when AIP was analyzed as a continuous variable (P for 

Table 2  Association between AIP and PhenoAgeAccel
Exposure Model 1 β (95% 

CI) P value
Model 2 β (95% 
CI) P-value

Model 3 β 
(95% CI) P 
value

AIP 5.189 (4.453, 
5.926) < 0.00001

4.886 (4.134, 
5.638) < 0.00001

1.820 (1.085, 
2.556) < 0.00001

AIP quartile
Q1 0 0 0
Q2 2.186 (1.562, 

2.810) < 0.00001
2.053 (1.446, 
2.661) < 0.00001

1.100 (0.537, 
1.663) 0.00013

Q3 3.007 (2.384, 
3.630) < 0.00001

2.847 (2.234, 
3.461) < 0.00001

1.178 (0.597, 
1.759) 0.00007

Q4 4.237 (3.613, 
4.860) < 0.00001

3.969 (3.338, 
4.601) < 0.00001

1.582 (0.970, 
2.194) < 0.00001

P for trend  < 0.00001  < 0.00001  < 0.00001
AIP, atherogenic index of plasma; CVD, cardiovascular disease; BMI, body mass 
index; PIR, ratio of family income to poverty; Q, quartile; PA, physical activity; 
PhenoAge, phenotypic age; PhenoAgeAccel, phenotypic age acceleration

Model 1: adjusted for no covariates

Model 2: adjusted for variables of age, gender, race, education, marital status, 
and PIR

Model 3: adjusted for variables of age, gender, race, education, marital status, 
PIR, BMI, diabetes, hypertension, CVD, smoking, alcohol consumption, and PA

Fig. 2  Raincloud plot revealed the difference in PhenoAge and PhenoAgeAccel across AIP quartile groups. (A) PhenoAge; (B) PhenoAgeAccel. Note: The 
raincloud plot is composed of four components arranged vertically: a half-violin plot at the top, followed by a boxplot, raw data points, and connecting 
lines that link the means of different groups. This arrangement provides a more comprehensive view of the data
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non-linearity = 0.041), with an inflection point of -0.0433 
for AIP being determined by dose–response relationship 
analysis (Fig. 3A). A significant association was observed 
between AIP and PhenoAgeAccel before this turning 
point (β = 6.550, 95% CI: 5.070–8.030, P < 0.0001), and 
this relationship continued to be significantly relevant 
even after the turning point (β = 3.898, 95% CI: 2.474–
5.322, P < 0.0001) (Table  3). Moreover, participants with 
AIP values exceeding this inflection point (> − 0.0433) 
experienced a significant increase of 0.738 years (95% CI: 
0.318–1.159, P = 0.00058) in PhenoAgeAccel compared to 
those with AIP values below − 0.0433. (Table 4). Finally, 
RCS analysis confirmed an upward dose–response rela-
tionship across AIP quartiles, demonstrating a graded 
increase in PhenoAgeAccel with ascending AIP quartile 
categories (Fig. 3B).

Subgroup analysis
Subgroup analyses, along with interaction tests, were 
employed to explore the potential variations in the AIP-
PhenoAgeAccel association across different subgroups 
stratified by gender, age, BMI, education level, marital 
status, PIR, as well as the presence of diabetes, hyper-
tension, CVD, smoking, and drinking. As presented in 
Table 5, the results revealed that the AIP-PhenoAgeAccel 
association differed significantly in subgroups classified 
by gender, diabetes and hypertension (all P for interac-
tion < 0.05). Specifically, for females, as well as individu-
als with diabetes and hypertension, an increase of one 
unit in AIP corresponded to an increase of 3.632  years 
(β = 3.632, 95% CI: 2.530–4.735), 4.933  years (β = 4.933, 

Table 3  Threshold effect analysis of AIP on PhenoAgeAccel
Outcome β (95% CI) P value
One—line linear regression model 5.189 (4.453, 5.926) < 0.0001
Two—piecewise linear regression model
Inflection point f (K) − 0.0433
 < K-segment effect 1 6.550 (5.070, 8.030) < 0.0001
 > K-segment effect 2 3.898 (2.474, 5.322) < 0.0001
 Effect size difference of 2 versus 1 − 2.652 (− 5.155, 

− 0.149) 
0.0379

 Equation predicted values at break 
points

− 5.348 (− 5.722, 
− 4.974)

Log-likelihood ratio test 0.038
The results are presented as β (95% CI) and P value, and a P value lower than 0.05 
indicated the statistical significance of the association. Variables of model 3 in 
Table 2 were adjusted.

AIP, atherogenic index of plasma.

Table 4  Association between AIP and PhenoAgeAccel based on 
the threshold of -0.0433 for AIP
Exposure Model 1 β (95% 

CI) P value
Model 2 β (95% 
CI) P value

Model 3 β 
(95% CI) P 
value

AIP categorical
 <  = − 0.0433 0 0 0
 > − 0.0433 2.528 (2.085, 

2.972) < 0.00001
2.291 (1.851, 
2.732) < 0.00001

0.738 (0.318, 
1.159) 
0.00058

The variables adjusted in model 1, model 2 and model 3 were consistent with 
those in Table 2

AIP, atherogenic index of plasma; CVD, cardiovascular disease; BMI, body mass 
index; PIR, ratio of family income to poverty; Q, quartile; PA, physical activity; 
PhenoAge, phenotypic age; PhenoAgeAccel, phenotypic age acceleration

Fig. 3  Identification of the association between AIP and PhenoAgeAccel. (A) The association between AIP (as continuous variable) and PhenoAgeAccel 
by RCS analysis. The solid red line indicates the smooth curve between the beta for PhenoAgeAccel and AIP, with the red bands indicating the 95% CI of 
the fit. (B) The association between AIP (as categorical variable) and PhenoAgeAccel. The red dots reflect the adjusted mean of PhenoAgeAccel, while 
the line segments reflect their 95% CI
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95% CI: 1.387–8.480), and 3.856 years (β = 3.856, 95% CI: 
2.365–5.346) in PhenoAgeAccel, respectively, compared 
to their male, non-diabetic, and non-hypertensive coun-
terparts. Such differences in AIP-PhenoAgeAccel associ-
ation were further verified by the stratified RCS analyses, 
as depicted in Fig. 4.

Mediation effects HOMA-IR on AIP-PhenoAgeAccel 
association
In light of the interconnectedness between insulin resis-
tance, as represented by HOMA-IR, and biological aging 
[54, 55], additional mediation effect analyses were carried 
out. HOMA-IR was found to mediate 39.21% of the asso-
ciation between AIP and PhenoAgeAccel (Fig. 5).

Potential mechanisms and core targets involved in 
biological aging
So far, our results show a nonlinear AIP-PhenoAgeAccel 
association, with insulin resistance (HOMA-IR) serving 

as a partial mediator. Since AIP is calculated from TG and 
HDL-C, AIP levels mirror TG/HDL-C metabolic changes 
regulated by key genes. Analogously, insulin resistance 
involves dysregulation of core glucose-homeostasis tar-
gets. Thus, to uncover the drivers of biological aging, we 
used network pharmacology to identify key molecular 
targets and pathways in accelerated aging, which may 
offer insights for developing anti-aging therapies.

According to the results from network pharmacological 
analyses, a total of 1369, 360, 5983, and 386 genes identi-
fied for cholesterol metabolism, triglyceride metabolism, 
insulin resistance, and biological aging, respectively. The 
Venn diagram revealed that 51 intersection targets were 
shared by the four biological processes (Fig.  6A). The 
STRING database was utilized to get the PPI informa-
tion from these 51 genes (Fig. 6B), and the PPI network 
analysis was used to identify the top 10 intersection tar-
gets, which were INS, APOE, IL6, PPARG, MTOR, IL10, 
ACE, PPARGC1A, SERPINE1, and APOB, respectively 
(Fig. 6D).

GO and KEGG enrichment analyses were performed 
utilizing the DAVID database to delineate “core target-
biological pathway” networks and unveil key pathways. 
The analysis revealed a total of 159 entries for biologi-
cal processes (BP), 27 for cellular components (CC), 
and 26 for molecular functions (MF). The top 10 entries 
were visualized and ranked according to gene count 
and log10(P value). The findings indicate that the bio-
logical processes are predominantly linked to cholesterol 
metabolism, glucose homeostasis, regulation of signaling 
receptor activity, and gene expression control (Fig.  6E). 
In terms of cellular components, significant involve-
ment was observed in the early endosome, lysosome, and 
endoplasmic reticulum lumen (Fig.  6E). Furthermore, 
the molecular functions highlighted critical interac-
tions, such as binding to low-density lipoprotein recep-
tors, very-low-density lipoprotein receptors, and various 
enzymes (Fig. 6E).

Similarly, the KEGG enrichment analysis performed 
using the DAVID data platform identified a total of 24 
pathways. Based on the FDR-corrected p-values, the 
most significant KEGG pathways associated with these 
targets included the AMPK signaling pathway, choles-
terol metabolism, longevity regulating pathway, insulin 
resistance, apelin signaling pathway, JAK-STAT signaling 
pathway, lipid metabolism and atherosclerosis, and the 
FoxO signaling pathway, among others (Fig. 6C).

Table 5  Association between AIP and PhenoAgeAccel in 
different subgroups

AIP, atherogenic index of plasma; CVD, cardiovascular disease; BMI, body mass 
index; PIR, ratio of family income to poverty; Q, quartile; PA, physical activity; 
PhenoAge, phenotypic age; PhenoAgeAccel, phenotypic age acceleration.The 
variables adjusted for subgroup analyses were consistent with Model 3 in Table 
2 except the stratifying variable.
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Fig. 4  Identification of the association between AIP and PhenoAgeAccel in different subgroups by RCS analysis. (A) RCS analysis to determine the associa-
tion between AIP and PhenoAgeAccel based on stratification of diabetes. (B) RCS analysis to determine the association between AIP and PhenoAgeAccel 
based on stratification of hypertension. (C) RCS analysis to determine the association between AIP and PhenoAgeAccel based on stratification of gender.
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Discussion
In this cross-sectional analysis of 4,471 NHANES par-
ticipants, we observed a significant positive associa-
tion between AIP and PhenoAgeAccel. Participants 
in higher AIP quartiles exhibited significantly acceler-
ated PhenoAgeAccel compared with the lowest quartile 
group (Q4 vs. Q1: β = 1.58  years, 95% CI: 0.970, 2.194; 
Ptrend < 0.001) in the fully adjusted model, with the AIP-
PhenoAgeAccel association being more pronounced 
among female and individuals with diabetes or hyper-
tension. Moreover, adjusted RCS analysis revealed an 
inverse L-shaped dose–response relationship between 
AIP and PhenoAgeAccel. Mediation analysis further 
indicated that insulin resistance, quantified by HOMA-
IR, accounted for 39.21% of this association. Additionally, 
network pharmacological analysis revealed that the core 
targets involved in biological aging included INS, APOE, 
APOB, IL6, IL10, PPARG, MTOR, ACE, PPARGC1A, 
SERPINE1, etc., which were are functionally linked to key 
signaling pathways like AMPK, apelin, JAK-STAT, FoxO, 
and so on.

There existed some studies which provided signifi-
cant insights concerning the association between lipid 
profiling and aging. For example, by using multi-omics 
methods, Eriksson et al. explored the association of 
aging acceleration with multi-systemic dysregulation 
factors (e.g., nutrition, lipid, gut microbiome) among 
Asian women of reproductive age [56]. A total of 132 
lipid species were found to correlate with PhenoAgeAc-
cel, within which the phosphatidylcholine(O-36:0) and 

cholesteryl-ester(24:5) showing the most prominent 
positive and inverse association, respectively. Moreover, 
a longitudinal lipidomic profiling analyses based on 112 
participants conducted by Michael P Snyder et al. have 
identified multiple significant alterations of lipid metabo-
lites associated with aging [57], including an increase in 
saturated fatty acids (FAs), monounsaturated fatty acids, 
arachidonic acid (FA(20:4)), and lysophosphatidyl cho-
line, and a decrease in polyunsaturated FAs, omega-3 
FAs, docosahexaenoic acid (FA(22:6)), eicosapentaenoic 
acid (FA(20:5)), and linoleic acid (FA(18:2)). Undoubt-
edly, these studies have offered a deeper understand-
ing of the molecular and metabolic mechanisms for us 
regarding biological aging. However, from the perspec-
tive of clinical application, several challenges should be 
conquered before they can be implemented in clinical 
practice, such as the simplicity of detection methods, 
affordability, robustness across diverse diseases and pop-
ulations, accessibility, generalizability, and so on. There-
fore, as discussed previously, the distinct advantages 
of AIP, including robust correlation with dyslipidemia, 
superior sensitivity to dynamic lipidomic alterations, and 
validated predictive utility across heterogeneous disease 
contexts and populations, suggesting that it may repre-
sent a relatively superior predictor among currently avail-
able aging indicators.

In this study, dyslipidemia (as quantified by AIP) was 
observed to associate with significant accelerated aging, 
with one unit increase in AIP leading to 1.82 year (95% 
CI: 1.085-2.556; P < 0.001) increase of PhenoAgeAccel 

Fig. 5  HOMA-IR mediates the association of AIP with PhenoAgeAccel. ACME, average causal mediation effects; ADE, average direct effects
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Fig. 6 (See legend on next page.)
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in the fully adjusted model. The mechanisms underlying 
the association between dyslipidemia and accelerated 
aging are complex and multifaceted, but some pivotal 
evidences from previous studies can provide reasonable 
explanations. Firstly, dyslipidemia can contribute to the 
accumulation of intracellular lipid which in turn induces 
cellular senescence [58, 59]. For example, pretreatment 
of C75 (an inhibitor of fatty acid synthase) in mouse and 
human cells was proved to prevent the induction of cellu-
lar senescence, as indicated by the reduced expression of 
SASP factors, such as IL-1α, IL-1β and IL-6 [58]. Another 
piece of direct supporting evidence is that accumulation 
of glycerol-3-phosphate (G3P, a precursor of triglycer-
ide synthesis) in fibroblasts via activating p53-dependent 
glycerol kinase and inactivating phosphocytidyltrans-
ferase 2 (PCYT2) could trigger the expression of SASP 
genes and thus the senescence of juvenile fibroblasts 
[59]. These facts, from the perspective of cellular lipid 
metabolism, directly confirm the casual link between 
dyslipidemia and aging. Furthermore, dyslipidemia may 
elicit accelerated aging via reducing telomeres in multiple 
tissues, such as leukocytes [20, 60, 61], saliva [62], whole 
blood samples [63], and so on. Mechanistically, dyslip-
idemia could induce telomere shortening via multiple 
mechanisms, including oxidative stress, abnormal sig-
naling pathways (e.g., mTOR, PPARγ), release of inflam-
matory cytokines (e.g., TNF-α, IL-6), insulin signaling 
pathway irregularities, and epigenetic regulation [64–67]. 
Additionally, dyslipidemia can also induce lipid toxicity 
via lipid peroxidation, resulting in organelle dysfunction 
(e.g., mitochondria damage, lysosome dysfunction, endo-
plasmic reticulum stress) and ultimately cellular aging 
[64–69]. Collectively, these findings, combined with the 
link between lipidomic profiles and aging discussed ear-
lier, confirmed the pivotal role of dyslipidemia in acceler-
ating aging.

In this study, we identified a nonlinear correlation 
between AIP and PhenoAgeAccel. Notably, we observed 
that the absolute beta coefficient of PhenoAgeAccel was 
lower at high AIP levels compared to that within low 
AIP levels. This suggests that compensatory mechanisms 
(e.g., autophagy activation or upregulation of antioxi-
dant enzymes) may be triggered at elevated AIP levels, 
partially counteracting the damage caused by dyslipid-
emia, thereby weakening the association between AIP 
and accelerated aging. The following speculations may 
provide potential explanations for this phenomenon. 
Firstly, previous studies have shown that dyslipidemia 

can induce lipotoxic stress, which may compensato-
rily activate autophagy via the KEAP1-NFE2L2 pathway 
[70], thus alleviating lipid toxicity and possibly cellular 
senescence. Furthermore, heightened lipotoxic stress 
induced by dyslipidemia could contribute to the increase 
of intracellular oxidative stress levels, which may trigger 
compensatory activation of antioxidant enzyme systems 
(e.g., glutathione, SOD) to maintain cellular homeostasis 
[71]. This may represent another mechanism that weak-
ens AIP-PhenoAgeAccel association. Additionally, given 
the strong association between AIP and insulin resis-
tance [28], elevated AIP levels may amplify the mediat-
ing effects of insulin resistance, thereby attenuating the 
direct impact of AIP on aging acceleration.

In this study, subgroup analyses revealed that the non-
linear positive association between the AIP and Phe-
noAgeAccel was significantly stronger in females and 
individuals with diabetes and hypertension. This phe-
nomenon might be understood as follows. Firstly, sub-
stantial evidence indicates significant gender differences 
in lipid profiles throughout life, with females experienc-
ing greater fluctuations in triglyceride and LDL-C levels 
due to factors such as the menstrual cycle, pregnancy, 
breastfeeding, and menopause [72]. During these phases, 
women often exhibit a more adverse lipid profile (higher 
LDL-C and triglyceride levels) than men, potentially 
contributing to accelerated aging as they age. Moreover, 
abundant evidence shows that a high glucose environ-
ment in diabetic individuals can induce premature cel-
lular senescence and promote inflammatory cytokine 
production [73–75], thus inducing accelerating aging. 
This may account for the differences in the AIP-Pheno-
AgeAccel association between diabetic and non-diabetic 
individuals. Additionally, it is evident that increased pre-
mature aging and senescence contribute to the develop-
ment of hypertension, while hypertension can, in turn, 
induce premature aging and senescence [76]. This recip-
rocal relationship may explain why hypertensive individ-
uals exhibit a stronger AIP-PhenoAgeAccel association 
than non-hypertensive individuals.

Our study observed a mediation proportion of 39.21% 
for HOMA-IR between AIP and accelerated aging, which 
aligns with previous findings. The mediation propor-
tion reflects the relative contribution of IR to accelerated 
aging driven by dyslipidemia. The value of 39.21% sug-
gests that besides IR, other mechanisms related to dys-
lipidemia (e.g., inflammation and oxidative stress) may 
collectively drive the aging process, which is consistent 

(See figure on previous page.)
Fig. 6  Exploration of potential targets and mechanisms of cholesterol metabolism, triglyceride metabolism and insulin resistance associated with bio-
logical aging. (A) Venn graph revealing the intersection targets among cholesterol metabolism, triglyceride metabolism, insulin resistance and biological 
aging. (B) Protein–protein interaction (PPI) network exhibiting the associations of the overlapping targets. (C) PPI network showing the relationships of 
the top 10 intersection targets. (D) GO enrichment analysis based on the intersection genes. (E) KEGG enrichment analysis based on the intersection 
genes. 
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with the multifactorial-driven characteristics of aging, 
indicating that IR is an critical but not the exclusive driv-
ers of aging acceleration. Previous studies have revealed 
that the mediation proportion of IR in metabolism-
related diseases typically ranges from 7 to 80%. For 
instance, Liu et al. [77] found mediation proportions of 
HOMA-IR for PhenoAgeAccel were 6.9% (VFA-Pheno-
AgeAccel) and 13.4% (SFA-PhenoAgeAccel) in the 18–44 
aged group. Similarly, a mediation proportion of 51.7% 
and 11.14% was reported by Li et al. [78] and Huang et 
al. [79] in sarcopenia and gout populations, respectively. 
The current result (39.21%) falls within this range, further 
supporting its biological plausibility. Additionally, the 
findings from previous studies also supported the results 
in our study that IR mediates aging acceleration caused 
by dyslipidemia. In human studies, elevated triglycerides 
and its metabolites (free fatty acids, FFAs) were found 
to closely correlate with IR [80]. FFAs were proved to 
induce IR in humans by inhibiting glucose transport/
phosphorylation, which then reduced the rate of muscle 
glycogen synthesis and glucose oxidation [81]. Also, high-
fat diets which induced dyslipidemia in animal models 
were proved to induce IR via modulating pathways like 
DAG/PKC, ceramide/Akt/PKB [82], and so on. Actually, 
IR has been already confirmed as one of the core drivers 
for accelerating aging process by various studies [83–85], 
which can be supported by the facts that interventions 
aimed at alleviating IR (e.g., metformin [86], exercise 
[87]) can significantly attenuate the hallmarks of aging. 
These evidences collectively explained the rationality of 
IR as a crucial mediator in dyslipidemia-induced acceler-
ated aging.

Network pharmacology is a holistic research method 
based on system biology theory, which exhibits signifi-
cant advantages in identifying core targets of disease/
drug and screening key mechanisms. Some pivotal find-
ings were identified via network pharmacological analysis 
in this study. Firstly, through topological analysis of net-
work pharmacology, we identified core targets (e.g., IL6, 
IL10) associated with dyslipidemia-related accelerated 
aging. These targets may not only represent novel bio-
markers for accelerated aging, but also core therapeutic 
targets for developing anti-aging drugs. Furthermore, the 
PPI network analysis of network pharmacology helped us 
identify key hub genes (e.g., ACE) not directly covered 
by keywords. Notably, ACE is a well-established thera-
peutic target for hypertension, suggesting a potential 
link between hypertension and accelerated aging, as well 
as the anti-aging effects of ACE inhibitors. In this study, 
we found that hypertensive patients exhibited higher 
PhenoAgeAccel values at equivalent AIP levels, strongly 
supporting this speculation. Additionally, we found some 

pivotal pathways (i.e., infection-related pathways) which 
were not directly associated with keywords, including 
chagas disease, yersinia infection, tuberculosis, pertus-
sis, staphylococcus aureus infection, amoebiasis, and 
coronavirus disease (COVID-19). These findings suggest 
that dyslipidemia may not only associate with accelerated 
aging but also correlate with increased susceptibility to 
pathogens. Actually, previous studies have reported that 
cholesterol alterations in macrophage lead to impaired 
bactericidal function and exacerbated bone destruction 
[88]. This implies that for chronic infection patients with 
dyslipidemia (e.g., chronic osteomyelitis), lipid metabo-
lism-regulating drugs may need to be integrated into the 
comprehensive treatment strategy.

Our study represents the first to uncover a positive and 
nonlinear association between AIP and PhenoAgeAccel. 
The strengths of our study can be manifested by several 
key aspects. Firstly, our research utilized a sophisticated 
multi-stage probability sampling design involving a large 
population, which significantly enhances the reliability 
of our findings. Secondly, the data collection procedures 
and blood sample tests were carried out by trained pro-
fessionals, thereby substantially reducing potential bias in 
these aspects. Thirdly, we employed a range of advanced 
statistical methods to rigorously validate the relationship 
between AIP and PhenoAgeAccel. This included linear 
regression models, subgroup analyses, interaction tests, 
restricted cubic spline analyses, and network pharmaco-
logical analysis, allowing us to examine the association 
from multiple perspectives.

Despite the strengths of our study, several limitations 
should be acknowledged. Firstly, the cross-sectional 
nature of the NHANES data impedes our ability to 
establish a causal link between AIP and PhenoAgeAccel. 
As a result, future research could employ longitudinal 
or experimental designs to investigate the causal rela-
tionship. Secondly, network pharmacology-based gene 
analyses are inherently influenced by data source het-
erogeneity and sample variability. Notably, the hub genes 
linked to cholesterol metabolism, triglyceride metabo-
lism, biological aging and insulin resistance identified 
in GeneCards likely represent aggregated findings from 
heterogeneous studies across diverse populations and 
regions. While providing preliminary insights, these find-
ings require rigorous experimental validation to establish 
generalizability. Thirdly, the exclusive focus of this study 
on the US population intrinsically restricts the generaliz-
ability of the findings across distinct geographical regions 
and ethnic groups. Therefore, future research is war-
ranted to validate the external validity of these conclu-
sions through multi-regional cohort studies that engage 
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diverse populations. Fourth, the use of self-reported data 
(such as physical activity, smoking, and alcohol con-
sumption) may introduce potential bias into this study. 
Fifth, given that biological aging is a multifactorial pro-
cess driven by complex mechanisms, a multidimensional 
approach is essential for constructing comprehensive 
aging indicators. While the AIP demonstrated a sig-
nificant association with accelerated aging in this study, 
it primarily reflects dyslipidemia-related aspects. To 
enhance the accuracy and specificity of accelerated aging 
assessment, future studies should consider integrat-
ing AIP with complementary aging indicators, such as 
DNA methylation age, telomere length, and frailty indi-
ces, within a unified evaluation framework. Additionally, 
despite adjusting for potential confounders in our analy-
sis, unmeasured factors (e.g., genetic predispositions, 
dietary influences, environmental conditions) may also 
impact the AIP-PhenoAgeAccel relationship. Finally, the 
inability to calculate other aging biomarkers (e.g., DNA 
methylation age, GrimAge, metabolic age score) from 
NHANES data hinders evaluating AIP’s associations with 
other aging indicators.

Our findings can offer valuable references for clinical 
practice and public health endeavors. Clinically, the AIP 
may serve as a key marker for assessing the risk of accel-
erated aging. Measuring AIP levels enables healthcare 
professionals to identify populations at high risk of aging 
and susceptibility to age-related diseases, facilitating the 
timely use of intervention strategies. From a public health 
perspective, AIP's notable advantages in terms of ease of 
monitoring, accessibility, and affordability can assist the 
general population in better understanding their health 
status and disease susceptibility.

In summary, our study demonstrates that monitoring 
AIP levels represents an effective approach for evaluating 
the risk of accelerated aging. Maintaining AIP within an 
optimal range may positively influence the rate of aging 
and help prevent age-related diseases. While additional 
research is necessary to clarify the underlying mecha-
nisms, our findings provide valuable insights that may 
help to formulate effective prevention strategies.

Conclusion
In this study, we found that PhenoAgeAccel increased 
with rising AIP levels, a trend that was particularly pro-
nounced in female, diabetic, and hypertensive indi-
viduals. Additionally, the relationship between AIP and 
PhenoAgeAccel exhibited an inverse L-shaped pattern, 
which was mediated by insulin resistance as indicated by 
HOMA-IR. Our findings indicated that AIP levels may 
offer valuable information regarding aging acceleration 
and susceptibility to age-related diseases.
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