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A R T I C L E  I N F O
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A B S T R A C T

The predictive value of the susceptibility to oxidation of LDL particles (LDLox) in cardiometabolic risk assess-
ment is incompletely understood. The main objective of the current study was to assess its relationship with other 
relevant biomarkers and cardiometabolic risk factors from MARK-AGE data. A cross-sectional observational 
study was carried out on 1089 subjects (528 men and 561 women), aged 40–75 years old, randomly recruited 
age- and sex-stratified individuals from the general population. A correlation analysis exploring the relationships 
between LDLox and relevant biomarkers was undertaken, as well as the development and validation of several 
machine learning algorithms, for estimating the risk of the combined status of high blood pressure and obesity for 
the MARK-AGE subjects. The machine learning models yielded Area Under the Receiver Operating Characteristic 
Curve Score ranging 0.783–0.839 for the internal validation, while the external validation resulted in an Under 
the Receiver Operating Characteristic Curve Score between 0.648 and 0.787, with the variables based on LDLox 
reaching significant importance within the obtained predictions. The current study offers novel insights 
regarding the combined effects of LDL oxidation and other ageing markers on cardiometabolic risk. Future 
studies might be extended on larger patient cohorts, in order to obtain reproducible clinical assessment models.

1. Introduction

Oxidative stress is one of the important drivers of multifactorial 
disease and can be quantified by various measures and clinical param-
eters (Ghezzi et al., 2017). Of them, of notable importance is the lipo-
protein oxidation process, characterized in vivo by circulating oxidized 
low-density lipoproteins (oxLDL) and in vitro by a latent state, the sus-
ceptibility to oxidation of LDL (LDL oxidizability - LDLox). While oxLDL 
has been extensively studied as an important risk factor of car-
diometabolic risk and pro-inflammatory response, LDLox remains 
largely unstudied with respect to its predictive value in such conditions, 
with some preliminary studies showing its implication in the athero-
sclerosis process (Liu et al., 2002; Aoki et al., 2012; Gradinaru et al., 
2015).

The European Project FP-7 MARK-AGE was a large scale popula-
tional study which took place between 2009 and 2013; its main objec-
tive was to identify a specific combination of ageing biomarkers which 
could optimally explain the biological age, better than any marker 
considered individually (Bürkle et al., 2015; Capri et al., 2015). Even 
though several studies describing detailed analyses of the collected data 
were already published (Baur et al., 2015a, 2015b; Bürkle et al., 2015; 
Capri et al., 2015; Giampieri et al., 2015; Moreno-Villanueva et al., 
2015a, 2015b; Weber et al., 2017; Moreno-Villanueva and Bürkle, 2019; 
Pinchuk et al., 2019, 2021; Kananen et al., 2021, 2023; Giacconi et al., 
2023), no such analysis focused on examining the relationship between 
LDL oxidizability and cardiometabolic risk; moreover, to our knowl-
edge, at the moment no specific machine learning algorithms were 
developed and validated based on MARK-AGE data, with the notable 
exception of research focused on creating general recommendations for 
machine learning driven data curation (Baur et al., 2015a; Giampieri 
et al., 2015).

Therefore, the main aim of the current study was to evaluate the 
MARK-AGE database with respect to the most relevant links between 
LDLox and other MARK-AGE parameters, exploring the cumulative ef-
fects of the analyzed relationships on the cardiometabolic risk of the 
randomly recruited age- and sex-stratified individuals from the general 
population (RASIG), quantified through blood pressure, body mass 
index and waist-to-hip ratio.

2. Subjects and methods

2.1. Study design and participants

The cross-sectional observational study was carried out on a relevant 
population sample of 1089 subjects: 528 men and 561 women, aged 
between 40 and 75 years old, selected among the participants included 
in the MARK-AGE group of randomly recruited age- and sex-stratified 
individuals from the general population (RASIG). According to the 
recommendations from the updated clinical guidelines, the 

cardiovascular risk assessment is undertaken for subjects over 40 years 
old (Williams et al., 2018; Mach et al., 2020). Only MARK-AGE subjects 
with complete data for all studied parameters were included in the 
present study. Participants from MARK-AGE cohort were enrolled, 
through the media, from seven European countries: Austria, Belgium, 
Finland, Germany, Greece, Italy and Poland. Subjects who reported 
seropositivity for HIV or hepatitis (HBV, HCV), whose blood was tested 
positive for HBV or HCV, and who were being treated for cancer or 
receiving glucocorticoids were excluded from the study (Bürkle et al., 
2015; Capri et al., 2015).

The biological samples (fasting blood) collected from participants 
were processed and stored within the MARK-AGE consortium, according 
to rigorous Standard Operating Procedures and quality control mea-
sures, as described in recent articles (Moreno-Villanueva et al., 2015a; 
Jansen et al., 2015). Briefly, the double-coded blood samples (plasma 
and serum) were centrally stored in a Biobank and distributed to each 
MARK-AGE partner for the independent measurement of the specific 
candidate biomarkers. All of the subject’s clinical and biochemical data 
obtained from each partner were uploaded to a central Database con-
taining also the demographic and anthropometric data. This phenotypic 
database could be accessed and analyzed only at the end of the 
MARK-AGE project (Baur et al., 2015-a,b; Moreno-Villanueva et al., 
2015b; Giampieri et al., 2015).

Standard demographic (age, sex) and anthropometric data (height, 
weight, waist circumference, body mass index, waist-to-hip ratio) were 
obtained from each participant. The resting systolic and diastolic blood 
pressures (SBP and DBP, mmHg) were recorded for all subjects, as well 
as whether there is currently a diagnosed high blood pressure problem. 
Participants completed a comprehensive questionnaire that included 
information on self-reported past and present diseases, hormone therapy 
(women), self-rated health status, as well as lifestyle characteristics 
(such as smoking status -never, former, current smoker, number of years 
of smoking (smoking years), alcohol and other beverage consumption 
-whether the subjects never drank beer, wine, juice or cola beverages, 
nutritional status -the quantitative consumption of meat, fish, eggs, 
bread, rice, fruits, vegetables, salty snacks and sweets, educational 
background, marital status and information about residence -house, 
apartment and whether the subjects lived with children) (Bürkle et al., 
2015; Capri et al., 2015).

2.2. Laboratory methods

Blood glycated hemoglobin (Hb1AC), serum glucose, total choles-
terol, triglycerides, γ-glutamyl transferase, uric acid, urea and creati-
nine, were measured on the clinical auto-analyzer (LX20-Pro, 
Beckman–Coulter, Woerden, TheNetherlands). Insulin and ferritin were 
measured with an immuno-analyzer (Access-2, Beckman–Coulter, 
Woerden, The Netherlands), as previously described (Jansen et al., 
2015).
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The cholesterol and triglyceride content of the serum lipoproteins 
fractions (HDL, LDL, VLDL) and subfractions (HDL2, LDL2, VLDL2) were 
determined using nuclear magnetic resonance (NMR) spectroscopy 
(Bruker Biospin), as described previously (Heijmans et al., 2006; Vaar-
horst et al., 2011). Each measurement produces the signal amplitudes of 
lipoprotein subclasses that allows the estimation of the total lipoprotein 
particle concentration as well as their subclasses, including small par-
ticles (HDL2, LDL2, VLDL2) (Giacconi et al., 2019).

Insulin resistance was evaluated using as surrogate markers the 
Homeostasis Model Assessment-Insulin Resistance (HOMA-IR) and the 
Triglyceride Glucose (TyG) Index. HOMA-IR was calculated as follows: 
[fasting insulin (mU/L) x fasting glucose (mg/dL)]/405 (Matthews et al., 
1985). TyG index is based on the levels of triglycerides and fasting 
plasma glucose,and was calculated as follows: Ln [fasting triglycerides 
(mg/dL) × fasting glucose (mg/dL)/2] (Ramdas Nayak et al., 2022).

The plasma atherogenic index (AIP) was calculated by the logarith-
mically transformed ratio of triglycerides on HDL-cholesterol, according 
to equation: log [fasting triglycerides (mg/dL)/HDL-cholesterol (mg/ 
dL)] (Dobiásová and Frohlich, 2001).

C-reactive protein (CRP), fibrinogen and adiponectin were measured 
as markers of inflammatory status (Jansen et al., 2015). In particular, 
the assays for high-sensitive CRP (HS-CRP), fibrinogen were turbidi-
metric assays (immunoprecipitation). The HS-CRP were obtained from 
Beckman Coulter (Woerden, The Netherlands) and fibrinogen were ob-
tained from Dialab (Neudorf, Austria). Adiponectin levels were assessed 
by time resolved fluorescent immunoassay utilizing R&D systems 
monoclonal antibodies (Mab 10651&BAM1065) on an AutoDELFIA® 
automated immunoassay system (PerkinElmer, Turku, Finland) (Yates 
et al., 2012).

LDL oxidation susceptibility (LDL oxidizability, LDLox) was assessed 
in vitro using serum LDL isolated by selective precipitation with buffered 
heparin (0.01 M citric acid / tri-sodium citrate pH 5.12, containing 100 
000 IU of heparin) (Ahotupa et al., 1996; Scoccia et al., 2001; Gradinaru 
et al., 2009). Insoluble LDL were then sedimented by centrifugation at 
1000 x g for 15 minutes. The sediment obtained was suspended in a 
saline phosphate buffer solution (1 vol of 0.1 M KH2PO4 / K2HPO4 in 9 
volumes of 0.15 M NaCl, pH 7.4), containing 0.1 g % Triton X-100. The 
LDL lipid peroxidation was non-enzymatically induced by incubating 
the suspended LDL, at 37 ◦C in the presence of a pro-oxidant system 
(FeSO4 and ascorbic acid, 1:1 molar ratio, 0.6 mM). Reaction kinetics 
showed a three-phase pattern - latency, propagation and decomposition 
phases, and in 5 selected samples the propagation phase reached a 
maximum at about 120 minutes. Based on these results, the incubation 
period was established at 120 minutes. The oxidative reaction was 
stopped with 1 mM EDTA and lipid peroxidation products, mainly the 
malondialdehyde (MDA), were evaluated as thiobarbituric acid reactive 
substances (TBARS) following the heating at 95 ◦C. Absorbance of 
samples was measured at 535 nm using a Lambda Bio10 spectropho-
tometer (Perkin-Elmer, USA). TBARS concentration in samples were 
determined with a calibration curve obtained by use of 1,1′,3,3′- 
tetra-methoxy-propane standard solution. Results were expressed as 
nmol malondialdehyde (MDA) equivalent content/mL serum. In our 
standard working conditions, the intra-assay CV was 6.5 % and the 
inter-assay CV was 7.4 %.

The total amount of plasma stable metabolic pathway products of NO 
[NOx, the sum of nitrites and nitrates (NO2

- + NO3
- )] was determined 

using the Griess reagent, following the quantitative conversion of ni-
trates (NO3

- ) to nitrites (NO2
- ) with nitrate reductase (kit 23479, SIGMA). 

The results were expressed in μmols NOx/L plasma. Intra- and inter- 
assay CV were below 7 % and 9 %, respectively.

Plasma malondialdehyde (MDA) was determined by RP-HPLC 
coupled with fluorescence detection after derivatization with thio-
barbituric acid as described by Weber et al. (Weber et al., 2014, 2017).

Plasma levels of tocopherols (α-/γ-tocopherol) were simultaneously 
determined by HPLC and spectrophotometric detection as previously 
described (Weber et al., 2014; Stuetz et al., 2016).

The DNA methylation status of a number of promoter-associated 5′- 
cytosine-phosphate-guanine-3′ (CpG) islands in FHL2 (Four and a half 
LIM domains 2) gene was assessed in peripheral blood mononuclear cells 
(PBMCs) using an optimized MALDI-TOF Mass Spectrometry (EpiTYPER 
Mass Spectrometry). This technique provides quantitative methylation 
for CpG sites within a target region (Garagnani et al., 2012).

2.3. Preliminary statistical analysis

In order to provide a general characterization of the studied RASIG 
population sample dataset, we used Python Programming Language, 
version 3.9.2 (Python Software Foundation, 2021). Results are pre-
sented as mean + standard deviation, for normally distributed param-
eters and as median [quartile 25; quartile 75] for non-normally 
distributed. Normality was assessed with the Shapiro-Wilk test. Com-
parison between male and female groups was performed using 
Kolmogorov-Smirnov test. The variables included in the preliminary 
statistical analysis, as well as the mean (and median values when 
appropriate) are presented in Table 1.

Spearman’s rank order (rho) correlation analysis was performed to 
examine associations of LDLox with chronological age, clinical, meta-
bolic, oxidative stress, inflammatory and epigenetic MARK-AGE bio-
markers. The level of significance was set at 0.05.

2.4. The development and validation of several combined hypertension 
and obesity prediction models

2.4.1. Predictive variables and outcomes
After performing the preliminary statistical analysis, several ma-

chine learning models were developed, with the aim of estimating the 
risk of overlapping arterial hypertension and overweight status/obesity. 
Arterial hypertension (high blood pressure, HBP) was considered at least 
stage 1, as defined by the current guidelines developed by the European 
Society of Cardiology: SBP of at least 140 mmHg or DBP of at least 
90 mmHg, or if “problem_blood_pressure” was set to “yes” in the MARK- 
AGE dataset, since several subjects could already have been under 
treatment for arterial hypertension and hence had their blood pressure 
under control. The overweight /obesity status, was considered through 
waist-to-hip ratio (WTHR) and body mass index (BMI), according to the 
general risk criteria recommended by World Health Organization 
(WHO) and to recent criteria for high blood pressure (World Health 
Organization, 2008; Pedregosa et al., 2011; Williams et al., 2018). 
Overweight status was defined through a BMI of at least 25 kg/m2, while 
obesity was defined either through BMI (at least 30 kg/m2) or WTHR (at 
least 0.85 for females and at least 0.9 for males). Hence, three types of 
prediction models were developed: Case a (HBP+WTHR) – overlapping 
status of hypertension and obesity, quantified through WTHR; Case b 
(HBP+BMIoverweight) – overlapping status of hypertension and over-
weight, quantified through BMI; Case c (HBP+BMIobese) – overlapping 
status of hypertension and obesity, quantified through BMI). The com-
bined status of arterial hypertension and overweight/obesity status was 
chosen as outcome, since the identification of subjects at higher car-
diometabolic risk was deemed more relevant than building separate 
machine learning models for hypertension and overweight/obesity 
status.

For each outcome, the predictive biomarkers were chosen based on 
the preliminary statistical analysis results (the biomarkers with the 
highest correlation with SBP, DBP, WTHR and BMI) and domain 
knowledge; in addition, LDLox was added as predictive biomarker, 
alone and in combination with HDL cholesterol and DNA methylation of 
FHL2 on 13–15 and 16–17 sites, since one of the main aims of the cur-
rent study was to evaluate the impact of LDLox on vascular ageing and 
cardiometabolic risk, as well as to measure the comparative effects with 
other well established metabolic risk factors, such as low levels of HDL 
cholesterol, HOMA-IR, TyG or AIP. Moreover, several lifestyle variables 
were included in the model, based on their specific associations with 
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outcomes a, b and c. Table 1 presents the specific predictive variables for 
each case. It should be mentioned that the predictive criteria such as sex, 
age and smoking years, were the same for all cases, while the lifestyle 
predictors differed depending on their age adjusted correlations with 
each outcome (the first 10 lifestyle factors in terms of age adjusted 
Spearman correlation (absolute value) coefficient were selected) 
(Python Software Foundation, 2021). 

2.4.2. The validation process of the machine learning algorithms
The validation of the cardiometabolic risk predictive models devel-

oped on RASIG population was performed both internally - through a 
10-time repeated 5-fold cross validation technique, on RASIG and 
externally - by using data obtained from 2 different study groups of 
subjects also analyzed within the MARK-AGE project, namely de-
scendants from long-living parents (GEHA offspring, GO; n=346 sub-
jects) which are predicted to age at a slower rate than the average 
population, and spouses of GO (SGO; n=192 subjects) (Bürkle et al., 
2015).

In terms of specific machine learning algorithms, 3 algorithms were 
evaluated for each case: Multilayer Perceptron, Support Vector Ma-
chines (through scikit-learn library) and Extreme Gradient Boosting 
(XGBoost Classifier - xgboost library) (Pedregosa et al., 2011; Chen and 
Guestrin, 2016). The algorithms were evaluated based on their ability to 
correctly classify the subjects in one of the two classes (0 – absent status 
of HBP and obesity/overweight, 1 - present status of HBP and obesi-
ty/overweight), as well estimating the probability (from 0 % to 100 %) 
that a patient has the overlapping status of HBP and obesity/overweight. 
Accuracy, precision, recall, f1 score and Matthews correlation were used 
to estimate the algorithms’ classification performance, while the Area 
Under the Receiver Operating Characteristic Curve (ROC AUC) Score 
was used to evaluate how well the algorithms perform in terms of 
probability estimation and was considered the most important valida-
tion metric. With regards to model parameters, in order to provide an 
optimized and unbiased approach, they were chosen for each algorithm 
and train-test split (for both internal and external validation) by 
implementing a hyperparameter tuning through the Random-
izedSearchCV option available in scikit-learn; the ROC AUC score was 
chosen as evaluation metric, for choosing the best combination of 
hyperparameters. The number of iterations was set to 60 and the random 
state was set to 42 for both the RandomizedSearchCV and the evaluated 
machine learning algorithms. In addition, in order to quantify the 
importance that each variable had on the predictions for all splits of the 
cross-validation, the random permutation feature importance was 
implemented, with ROC AUC Score as evaluation metric. From this, the 
average percentage with which each variable contributed was computed 
(Pedregosa et al., 2011). The feature importance was computed with the 
main goal of assessing the relative prediction contribution of the LDLox 
based predictive variables in relation with the other parameters.

3. Results

3.1. Cohort characteristics

Regarding the general characteristics of the selected MARK-AGE 
biomarkers assessed in the study subjects (Table 1), there was no sig-
nificant difference in the age distribution between male and female 
groups. Systolic and diastolic blood pressure mean values were signifi-
cantly higher in male subjects, as compared with the female group. 
Concerning the anthropometric characteristics, we noticed that BMI and 
WTHR mean values were significantly higher in male subjects, as 
compared to the female group.

With regard to the global metabolic profile, the serum glucose, in-
sulin and HOMA-IR mean levels were significantly higher in men 
whereas total cholesterol levels were significantly higher in women. 
Men had higher levels of serum triglycerides, AIP and TyG index values, 
as compared with women. Systemic inflammation parameters 

Table 1 
Demographic, anthropometric and clinical characteristics, systemic metabolic 
variables and MARK-AGE candidate biomarkers for ageing, recorded in male 
and female subjects aged 40 – 75 years old, selected from RASIG participants 
(n=1089).

Variable Male (n ¼ 528) Female (n ¼
561)

p

Demographic, anthropometric and clinical characteristics

Age, years 58.2 ± 9.8 57.8 ± 10.3 0.418 
(NS)

Systolic BP, mmHg 139.5 ± 19.2 131.8 ± 19.1 < 0.001
Diastolic BP, mmHg 84.4 ± 11.1 79.3 ± 10.3 < 0.001
BMI, kg/m2 27.0 ± 3.8 25.6 ± 5.0 < 0.001
Waist–to-hip ratio 0.95± 0.071 0.87 ± 0.137 < 0.001
Systemic metabolism and toxicity biochemical parameters
Fasting glucose, mmol/L 5.5 ± 1.4 5.1 ± 0.9 < 0.001
HbA1C, % 6.03 ± 0.76 6.02 ± 0.51 0.413 

(NS)
Insulin, μIU/mL 6.7 ± 4.8 5.8 ± 5.2 < 0.001
Total cholesterol, mg/dL 237.7 ± 44.0 246.6 ± 44.1 < 0.001
Triglycerides, mg/dL 112.9 ± 59.5 104.0 ± 70.3 < 0.001
γ-GT, U/L 25.9 ± 30.24 17.48 ± 30.21 < 0.001
Uric acid, mg/L 51.21 ± 11.29 39.51 ± 9.98 <0.001
Urea, mmol/L 5.87 ± 1.39 5.47 ± 1.40 < 0.001
Creatinine, μmol/L 81.10 ± 15.34 66.27 ± 12.34 < 0.001
Cardiometabolic risk markers
HOMA-IR 1.726 ± 1.637 1.39 ± 1.75 < 0.001
TyG 8.61 ± 0.54 8.36 ± 0.48 < 0.001
AIP 0.25 ± 0.27 0.09 ± 0.23 <0.001
Systemic inflammation parameters
Fibrinogen, g/L 3.4 ± 1.5 3.7 ± 1.4 < 0.001
hsCRP, μg/L 2.25 ± 3.11 2.21 ± 3.30 0.479 

(NS)
Ferritin, ng/mL 116.53 ± 

109.56
589.04 ± 54.22 < 0.001

Adiponectin, μg/mL 11.18 ± 5.64 18.16 ± 8.32 < 0.001
NOx(NO2

- + NO3
- ), μmol/L 28.39 ± 13.54 29.22 ± 14.18 0.206(NS)

Serum lipoproteins fractions and subfractions
HDL-cholesterol, mg/dL 65.7 ± 15.3 79.3 ± 17.8 < 0.001
HDL2-cholesterol, mg/dL 38.00 ± 6.24 39.27 ± 6.25 0.002
HDL2-triglycerides, mg/dL 5.52 ± 2.04 5.23 ± 2.21 0.002
LDL-cholesterol, mg/dL 126.4 ± 32.1 130.0 ± 31.4 0.09 (NS)
LDL2-cholesterol, mg/dL 81.33 ± 20.75 70.50 ± 17.17 < 0.001
LDL2-triglycerides, mg/dL 7.68 ± 4.26 6.52 ± 3.15 < 0.001
VLDL-cholesterol, mg/dL 30.70 ± 17.13 23.55 ± 13.51 < 0.001
VLDL2-cholesterol, mg/dL 10.63 ± 4.53 9.71 ± 3.98 0.005
VLDL2-triglycerides, mg/ 

dL
12.6 ± 5.51 11.52 ± 4.68 0.012

MARK-AGE candidate biomarkers of ageing
LDLox, nmol MDA/mL 18.73 ± 7.20 19.51 ± 7.7 0.344 

(NS)
Malondialdehyde, μmol/L 0.348 ± 0.19 0.329 ± 0.23 < 0.001
α - Tocopherol, μmol/L 28.226 ± 7.63 29.417± 7.58 0.012
γ - Tocopherol, μmol/L 1.528 ± 0.85 1.506 ± 0.82 0.992 

(NS)
FHL2_CpG_13,14,15 0.336 ± 0.05 0.336 ± 0.05 0.999 

(NS)
FHL2_CpG_16,17 0.508 ± 0.08 0.51 ± 0.09 0.828 

(NS)

Data are presented as means ± SD (standard deviations); n, number of subjects;
NS – non-significant
RASIG: randomly recruited age-stratified individuals from the general popula-
tion.
BP, blood pressure; BMI, body mass index; HOMA-IR, homeostasis model 
assessment of insulin resistance; hsCRP, high-sensitivity C-reactive protein; 
γ-GT, Gamma glutamyl transferase; HbA1C, Glycosylated haemoglobin A1C; 
HDL, high-density lipoprotein; LDL, low-density lipoprotein; VLDL, very low 
density lipoprotein; HDL1, LDL1, VLDL1 – large lipoprotein particles; HDL2, 
LDL2, VLDL2 – small lipoprotein particles; LDLox, LDL susceptibility to oxida-
tion; MDA, malondialdehyde; NOx, nitric oxide metabolic pathway products; 
FHL2, Four and a half LIM domains 2 gene methylation status of promoter- 
associated CpG islands; AIP, plasma atherogenic index; TyG index, the product 
of the levels of triglycerides and fasting plasma glucose.
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fibrinogen, ferritin and adiponectin were significantly higher in female 
subjects. There were no significant differences between men and women 
regarding hsCRP. Serum γ-GT, uric acid, urea and creatinine levels were 
significantly higher in male subjects. Important variations in the lipid 
metabolism biomarkers evaluated as lipoprotein fraction and sub-
fraction concentrations, were pointed out between sexes: women had 
higher concentrations of cholesterol in HDL lipoprotein particles and in 
the small HDL2 subfraction, whereas triglycerides levels in HDL2 were 
significantly lower as compared with men. Although women had no 
significantly higher levels of LDL-cholesterol, both cholesterol and tri-
glycerides levels in small lipoprotein subfraction LDL2 were signifi-
cantly lower than in men. Also, men had higher levels of cholesterol and 
triglycerides in VLDL and VLDL2, as compared with women (Table 1).

Among oxidative stress biomarkers, serum malondialdehyde (MDA) 
levels were significantly higher in men versus women, in contrast to the 
plasma α-tocopherol which were higher in women. We couldn’t notice 
significant sex-related variations in the LDL oxidizability nor the nitric 
oxide metabolic pathway products (NOx). The DNA-based MARK-AGE 
biomarkers of ageing measured in PBMCs, namely the FHL2 genes 
methylation status, had similar levels in men and women.

In Fig. 1 are depicted the sex-differences in the distribution of BMI 
groups. It should be noted that the overall distribution for RASIG was 
43.53 % (normal weight), 39.21 % (overweight) and 17.26 % (obese).

Overall, in the whole study group of RASIG participants, 19 % of 
participants were current smokers (23 % in males and 15.2 % in fe-
males), while the average number of years of smoking was 11.64 (13.97 
for males and 9.44 for females). The most frequently associated CVD risk 
factors recorded were the HDL defined threshold (HDL cholester-
ol<40 mg/dl for males – 1.89 % and <50 mg/dl for females – 3.92 %; 

overall – 2.94 %), the abdominal obesity, quantified through the WTHR 
threshold (80.11 % in males and 58.29 % in females; overall – 68.87 %), 
and the high blood pressure (63.6 % in males and 43.1 % in females; 
overall – 53 %).

3.2. LDLox relationships with MARK-AGE parameters

As there were reported differences between sexes with respect to 
different evaluated parameters, we analyzed further the associations of 
LDL oxidizability with different MARK-AGE biomarkers, distinctly in 
male and female subjects. In Fig. 2(a,b,c) are illustrated the correlation 
coefficients adjusted to age between LDLox and markers representative 
for lipid metabolism, systemic inflammation, oxidative stress, gene 
methylation status and cardiometabolic risk evaluation.

Table 2 
The predictive variables selected from the MARK-AGE database for the machine learning prediction models.

Case a (HBPþWTHR) Case b (HBPþBMIoverweight) Case c (HBPþBMIobese)

Case-relevant lifestyle factorsa

consume_cake_pie drink_other_alco_never day_activities_bending_kneeling
drink_beer_never day_activities_several_stairs day_activities_walking_several_miles
consume_other_supplements day_activities_bending_kneeling day_activities_walking_hundred_yards
drink_other_alco_never day_activities_walking_several_miles day_activities_several_stairs
consume_icecream_dessert consume_sausages day_activities_one_stairs
ip_education_university degree day_activities_walking_half_mile day_activities_walking_half_mile
consume_bread_whole drink_beer_never day_activities_bathing_dressing_self
drink_never_juice consume_icecream_dessert day_activities_vigorous
consume_sausages day_activities_walking_hundred_yards day_activities_moderate
consume_candies_sweets consume_meat consume_meat
Common predictive variables for all 3 cases (description)
LDLox serum
Risk_HDL-C+LDLox_12 (the overlapping status: LDLox≥12 AND HDL-
cholesterol<40 mg/dl (males) or <50 mg/dl (females))
Risk_HDL-C+LDLox_16 (the overlapping status: LDLox≥16 AND HDL-cholesterol<40 mg/dl (males) or <50 mg/dl (females))
Risk_HDL-C (HDL cholesterol<40 mg/dl (males) or <50 mg/dl (females))

Risk_LDLox/HDL-C (the ratio 
LDLox

HDL cholesterol
)

FHL2_13_14_15_+ LDLox (the product LDLox x FHL213.14.15.CpG site):

FHL2_16_17_+ LDLox (the ratio 
LDLox

FHL216.17.CpG site
)

Sex
Chronological age
HOMA-IR
TyG
AIP
Adiponectin
Uric acid
Smoking years

AIP - plasma atherogenic index; FHL2 - Four and a half LIM domains 2 gene methylation status of promoter-associated CpG islands; HDL-C, HDL-cholesterol; HOMA- 
IR, Homeostasis Model Assessment-Insulin Resistance; TyG - Triglyceride Glucose Index.

a Lifestyle factors beginning with “consume” – the quantitative consumption of the specific food (frequency per month – was converted to continuous data 
depending on the number of times per month the specific food was consumed – daily consumption: 30; 4–6 times per week: 20; 1–3 times per week: 8; 1–3 times per 
month: 2; never: 0); lifestyle factors beginning with “drink_never” – specified whether the patient never drinks the specific beverage (categorical variable – yes/no); 
lifestyle factors beginning with “day_activities” – specified how limited was the patient with regards to the specific physical activity (categorical variable – categories: 
not limited, little limited, limited at a high degree); ip_education_university degree – specified whether the patient has a university degree (categorical variable – yes/ 
no).

Fig. 1. Distribution of male and female participants according to BMI groups: 
normal weight (BMI 25 < kg/m2), overweight (25 kg/m2 

≥ BMI < 30 kg/m2) 
and obese (BMI ≥ 30 kg/m2).
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We examined the relationships between LDLox and the advanced 
lipoprotein profile, comprising the cholesterol and triglycerides con-
centrations in lipoproteins fractions and subfractions (Fig. 2-a). LDLox 
was strongly positively associated in both men and women with total 
serum cholesterol, triglycerides, LDL-cholesterol and VLDL-cholesterol, 
as well as cholesterol and triglycerides content in small LDL and VLDL 
subfractions (LDL2 and VLDL2). Only in men, LDLox was significantly 
positively correlated with HDL2-triglycerides and negatively correlated 
with HDL2-cholesterol content (small HDL subfraction).

As regards the systemic inflammation parameters, in both men and 
women, LDLox was positively associated with increasing levels of 
fibrinogen, ferritin and nitric oxide metabolic pathway products (NOx) 

(Fig. 2-b). By contrast, LDLox was negatively correlated with adipo-
nectin levels. Only in women, LDLox was significantly positively 
correlated with hsCRP. Only in men, LDLox was positively, non- 
significantly associated with plasma lipid peroxidation product malon-
dialdehyde (MDA). Correlation analysis identified, equally in men and 
women, strong positive associations between LDLox and plasma levels of 
α- and γ-tocopherol.

In both sexes, LDLox levels were negatively associated with hyper-
methylation of FHL2_CpG_16,17 gene, measured in PBMCs but in 
women this correlation was significant. By contrast, in men and women, 
LDLox was positively but non-significantly correlated with hyper-
methylation of FHL2_CpG_13,14,15 gene.

The correlations between LDLox and the anthropometric and clinical 
parameters specific for glucose homeostasis and cardiometabolic risk 
evaluation pointed out significantly positively associations with TyG 
index in men and women. Only in women, LDLox was significantly 
positively correlated with systolic and diastolic blood pressure and with 
BMI (Fig. 2-c).

3.3. Age-related changes in LDLox and MARK-AGE parameters

It is relevant to display - comparatively in men and women - the 
association with chronological age of the MARK-AGE parameters which 
were found to be significantly correlated with LDLox. As a general 
feature, all age-related correlation coefficients had higher values in 
women, as compared to men (Table 3). Furthermore, only in female 
subjects’ significant positive correlations were identified with lipopro-
tein fractions and subfractions, except the HDL-cholesterol which was 
significantly, positively correlated with chronological age only in men 
(Table 3).

In both men and women results showed increasing levels of systemic 
inflammation parameters with increasing chronological age, but only in 
women strong associations with almost all the tested biomarkers were 
pointed out, namely: ferritin, fibrinogen, hsCRP, adiponectin, MDA, 
α-tocopherol, LDLox and LDLox/apoB (Table 3). A weak increase in NOx 
with chronological age was evidenced only in female subjects. In men a 
significant age-related increase only in fibrinogen and adiponectin levels 
and a significant decrease in LDLox and LDLox/apoB were pointed out. 
The increasing methylation status of FHL2 genes, measured in PBMCs, 
are among the most significant parameters that correlated with chro-
nological age, in both sexes.

Among the most relevant parameters that increased with chrono-
logical age, in women and men, were systolic blood pressure levels 
(SBP), WTHR, BMI and HOMA-IR, whereas TyG index and diastolic 
blood pressure (DBP) was significantly increased only in women. Arte-
rial hypertension (high blood pressure, HBP) as a condition identified 
within MARK-AGE subjects, was significantly increased with age in both 
men and women. (Table 3).

Fig. 3-a,b,c,d shows comparatively by age-groups, in female and 
male subjects, the age-related changes in LDL oxidizability parameters. 
Overall, in women an increase with age in LDLox levels, mainly from the 
50–59 age group, and also in LDLox/apoB values, mainly from the 
60–69 age-group was pointed out. By contrast, in men a gradual 
decrease in LDLox and LDLox/apoB levels throughout age-groups was 
recorded, possible due to the fact that younger men tend to have higher 
levels of oxidative stress when compared to younger women (Kander 
et al., 2017). Secondly, a higher variability, quantified through the 
number of outliers, was observed in women for both LDLox and 
LDLox/ApoB in the 40–49 age group, while in men the 50–59 age group 
exhibited a higher variability in terms of LDLox and LDLox/ApoB me-
dian values. Thirdly, both in women and men a decrease in both LDLox 
and LDLox/ApoB was observed from the 60–69 age group to the 70–75 
age group.

Fig. 2. Stacked bars showing the Spearman’s (rho) correlation coefficients 
adjusted to age between LDL oxidizability (LDLox) and serum representative 
MARK-AGE biomarkers specific for the lipid metabolism - lipoproteins fractions 
and subfractions (a), systemic inflammation and epigenetic markers (b), 
anthropometric and clinical parameters specific for glucose homeostasis and 
cardiometabolic risk evaluation (c), in male (n=528) and female (n=561) 
RASIG participants. Chol – cholesterol; TG - triglycerides; HDL, high-density 
lipoprotein; LDL, low-density lipoprotein; VLDL, very low density lipoprotein; 
HDL2, LDL2, VLDL2 – small lipoprotein particles; FHL2 - Four and a half LIM 
domains 2 gene methylation status of promoter-associated CpG islands; hsCRP, 
high-sensitivity C-reactive protein; NOx - nitric oxide metabolic pathway 
products; HOMA-IR, Homeostasis Model Assessment-Insulin Resistance; SBP - 
Systolic Blood Pressure; DBP – Diastolic Blood Pressure; BMI – Body Mass Index; 
TyG - Triglyceride Glucose Index. Statistical significance: a p < 0.001; b p <
0.01 and c p < 0.05; In unlabeled histograms Spearman’s (rho) values are 
non-significant.
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3.4. Validation results for the machine learning algorithms

Table 4 summarizes the patient distribution for the three combined 
hypertension and obesity outcomes which were used (Cases a, b and c), 
Table 5 illustrates the Spearman’s age-adjusted correlations between the 
three outcome thresholds and the common predictive variables, for the 
RASIG study population. while Tables 6 and 7 present the validation 
results for the predictive models. All two validation types (internal and 
external) are shown: the internal repeated cross validation on RASIG, 
and the external validation on GO and SGO populations. In addition, 
Table 8 and Fig. 4 illustrate the most relevant feature importance data. 
In Table 8, for each case, the cumulative importance by averaging the 
results obtained after implementing all three algorithms is shown. In 
Fig. 4, the comparative feature importance of the combined LDLox and 
HDL variables versus the classical HDL cholesterol-based variables are 
presented, illustrating the situations for which the combined predictors 
outperformed the HDL predictors in terms of feature importance, high-
lighting the relative importance of LDLox based predictive variables.

4. Discussion

The novelty of the MARK-AGE project was the assessment and the 
identification of the most representative biomarkers of ageing in sub-
jects recruited randomly from the European general population 
(RASIG), thus in a sample population representative of the “real-world”, 
common population, and not (apparently) “healthy” population. This 
original approach was based on the exclusive use of biological samples, 
without clinical evaluation, and involved age-matched and sex-matched 
comparisons between groups, for the identification of parameters indi-
cating the biological differences, namely the biological age (Bürkle 
et al., 2015).

Within the MARK-AGE project a broad set of parameters were 
assessed as candidate biomarkers of ageing, but the present study fo-
cuses on LDL oxidation as a hallmark of atherosclerosis development 
and a candidate biomarker of vascular ageing and cardiometabolic risk 
assessment (Gradinaru et al., 2015).

The current state of the art methodology used to investigate the 
clinical significance of LDL oxidation involves sensitive immunoassays 
quantifying the circulating levels of oxidized LDL using specific mono-
clonal antibodies directed against unique oxidation-specific epitopes 
(Afonso and Spickett, 2019; de de de Mello Barros Pimentel et al., 2023). 
Alternatively, the in vitro estimation of LDL “oxidizability” following its 
selective isolation from plasma involves the measurements of the spe-
cific products of the lipid peroxidation chain reaction (conjugated di-
enes, lipid hydroperoxides, and aldehydes), after the exposure of LDL 
particles to a standard oxidative stress inducer (Esterbauer et al., 1989; 
Liu et al., 2002; Ahotupa et al., 1996; Scoccia et al., 2001; Aoki et al., 
2012; Suzuki-Sugihara et al., 2016).

Given that cholesterol, phospholipids, polyunsaturated fatty acids 
and apolipoprotein B-100 constitute the LDL substrates for oxidation, 
these two methodologies should indicate the quantity of oxidized LDLs 
and the “quality” of lipoprotein particles, as oxidation is significantly 
influenced by the presence of lipophilic micronutrients and antioxidants 
such as: α- and γ-tocopherol, β-carotene and ubiquinol-10 in the lipo-
protein particle (Esterbauer et al., 1992). Also, significant individual 
differences in oxidized LDL (oxLDL) and in oxidation susceptibility of 
LDL (LDLox) were reported, and such variability greatly depended on 
particle size and lipid composition (Kresanov et al., 2021; Moriyama, 
2020; Kollar et al., 2021). Furthermore, none of the LDL oxidation 
biomarkers has so far fulfilled the essential criteria to be considered as a 
clinical “surrogate endpoint” of cardiovascular events, but fit within the 
concept of early vascular ageing markers (Vlachopoulos et al., 2015).

To evaluate LDLox in the MARK-AGE samples, LDL fractions were 

Table 3 
Spearman’s (rho) correlations with chronological age of representative MARK- 
AGE biomarkers specific for lipid metabolism – serum lipoproteins fractions 
and subfractions (a), systemic inflammation, oxidative stress and epigenetic 
markers (b), anthropometric and clinical parameters specific for glucose ho-
meostasis and cardiometabolic risk evaluation (c), in male (n=528) and female 
(n=561) RASIG participants.

Variable Male (n ¼
528)

p Female (n ¼
561)

p

a) Lipid metabolism – serum lipoproteins fractions and subfractions
Total cholesterol, mg/dL - 0.082 NS 0.167 <

0.001
Triglycerides, mg/dL - 0.042 NS 0.265 <

0.001
HDL-cholesterol, mg/dL 0.116 < 0.01 - 0.017 NS
HDL2-triglycerides, mg/ 

dL
- 0.035 NS 0.156 <

0.001
LDL-cholesterol, mg/dL - 0.086 NS 0.097 < 0.05
LDL2-cholesterol, mg/dL - 0.041 NS 0.205 <

0.001
LDL2-triglycerides, mg/ 

dL
0.041 NS 0.197 <

0.001
VLDL-cholesterol, mg/dL - 0.084 NS 0.248 <

0.001
VLDL2-cholesterol, mg/ 

dL
- 0.066 NS 0.253 <

0.001
VLDL2-triglycerides, mg/ 

dL
- 0.05 NS 0.290 <

0.001
b) Systemic inflammation, oxidative stress and epigenetic markers
Fibrinogen, g/L 0.23 <

0.001
0.346 <

0.001
Ferritin, ng/mL 0.076 NS 0.463 <

0.001
hsCRP, μg/L 0.074 NS 0.234 <

0.001
Adiponectin, μg/mL 0.103 < 0.01 0.188 <

0.001
NOx(NO2

- + NO3
- ), μmol/ 

L
0.005 NS 0.095 < 0.05

LDLox, nmol MDA/mL - 0.103 < 0.05 0.099 < 0.05
LDLox/ApoB - 0.13 < 0.01 0.053 NS
Malondialdehyde, μmol/ 

L
0.005 NS 0.167 <

0.001
α - Tocopherol, μmol/L 0.013 NS 0.242 <

0.001
γ - Tocopherol, μmol/L 0.018 NS 0.07 NS
FHL2_CpG_13,14,15 0.471 <

0.001
0.494 <

0.001
FHL2_CpG_16,17 0.457 <

0.001
0.552 <

0.001
c) Anthropometric and clinical parameters specific for glucose homeostasis and 

cardiometabolic risk evaluation
TyG index 0.052 NS 0.314 <

0.001
HOMA-IR 0.133 <

0.001
0.249 <

0.001
Systolic BP, mmHg 0.29 <

0.001
0.395 <

0.001
Diastolic BP, mmHg 0.02 NS 0.142 <

0.001
Waist–to-hip ratio 0.167 <

0.001
0.22 <

0.001
BMI, kg/m2 0.116 < 0.01 0.256 <

0.001
High blood pressure 0.203 <

0.001
0.363 <

0.001

n, number of subjects; NS – non-significant;
RASIG: randomly recruited age-stratified individuals from the general popula-
tion.
Apo B, apolipoprotein B-100; BP, blood pressure; BMI, body mass index; HOMA- 
IR, homeostasis model assessment of insulin resistance; hsCRP, high-sensitivity 
C-reactive protein; HDL, high-density lipoprotein; LDL, low-density lipoprotein; 
VLDL, very low density lipoprotein; HDL1, LDL1, VLDL1 – large lipoprotein 
particles; HDL2, LDL2, VLDL2 – small lipoprotein particles; MDA, malondial-
dehyde; NOx, nitric oxide metabolic pathway products; FHL2, Four and a half 

LIM domains 2 gene methylation status of promoter-associated CpG islands; TyG 
index, the product of the levels of triglycerides and fasting plasma glucose.
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isolated from serum samples and were subsequently challenged with a 
prooxidant stimulus capable of inducing an in vitro lipid peroxidation, 
which was evaluated and expressed as malondialdehyde (MDA) con-
centration (Ahotupa et al., 1996; Scoccia et al., 2001). As the in vitro 
oxidation of lipoproteins is often achieved by treatment with transition 
metal ions such as Cu2+ or Fe2+, in the present experimental model the 
combination of Fe2+ with ascorbic acid could be consistent with the 
situation existing in vivo when in presence of transition metals, the 
ascorbic acid displays a pro-oxidant action (Esterbauer et al., 1989; 
Pinchuk and Lichtenberg, 2014; Ojo and Leake, 2021). The use of iron 

Fig. 3. Age groups related changes in LDL oxidizability, expressed as nmoles MDA/dL serum (LDLox) (a and c) and as LDLox/apoB ratio (b and d), in female (a and 
b, n=561) and male (c and d, n=528) RASIG subjects. The boxes show the median values, the 25th and 75th percentile. Whiskers indicate the 5th and 95th 
percentile. Outliers are displayed for each age-group: 40–49 (n= 161 women and n= 127 men); 50–59 (n= 151 women and n= 161 men); 60–69 (n= 154 women and 
n= 169 men) and 70–75 years (n= 95 women and n= 71 men).

Table 4 
The patient distribution for each of the three created outcomes for the combined 
prediction models.

Prediction outcome RASIG (1089 
subjects)

GO (346 
subjects)

SGO (192 
subjects)

% HBP+WTHR (no.) 40.77 % (444) 46.24 % (160) 58.33 % (112)
% HBP+BMIoverweight 

(no.)
36.27 % (395) 38.73 % (134) 53.65 % (103)

% HBP+BMIobese (no.) 13.13 % (143) 15.03 % (52) 17.19 % (33)

Table 5 
The the Spearman’s (rho) correlation coefficients adjusted to chronological age between the three outcome thresholds (corresponding to Cases a, b and c) and the 
common predictive variables for all three cases (RASIG participants).

Variable Case a (HTAþ WTHR) p Case b (HTAþ BMI) p Case c (HTAþ BMIobese) p

LDLox 0.052 NS 0.051 NS 0.066 0.029
Risk_HDL-C+LDLox_12 0.091 0.003 0.116 <0.001 0.125 <0.001
Risk_HDL-C+LDLox_16 0.083 0.006 0.107 <0.001 0.102 0.001
Risk_HDL-C 0.085 0.005 0.109 <0.001 0.119 <0.001
Risk_LDLox/HDL-C 0.155 <0.001 0.181 <0.001 0.161 <0.001
FHL2_13,14,15+LDLox 0.051 NS 0.071 0.018 0.076 0.013
FHL2_16,17+LDLox 0.035 NS 0.031 NS 0.047 NS
Sex 0.257 <0.001 0.209 <0.001 0.073 0.015
Chronological agea 0.335 <0.001 0.275 <0.001 0.111 <0.001
HOMA-IR 0.29 <0.001 0.384 <0.001 0.373 <0.001
TyG 0.288 <0.001 0.328 <0.001 0.271 <0.001
AIP 0.279 <0.001 0.332 <0.001 0.269 <0.001
Adiponectin ¡0.236 <0.001 ¡0.266 <0.001 ¡0.157 <0.001
Uric acid 0.329 <0.001 0.365 <0.001 0.263 <0.001
Smoking years 0.094 0.002 0.089 0.003 0.067 0.026

a The unadjusted Spearman’s (rho) correlation coefficients are shown for chronological age; NS – non-significant. HDL-C, HDL-cholesterol
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also mimics the model for ferritin-induced oxidation of LDL (Afonso and 
Spickett, 2019; Martínez-Soto et al., 2021).

In the MARK-AGE study ferritin is a positive metabolic determinant 
for LDLox, along with fibrinogen, glucose and α-tocopherol, parameters 
found to be increased in ageing, particularly in women. A previous 
MARK-AGE study which analyzed a larger cohort (> 2200 participants) 
reported the positive association of α-tocopherol with chronological age, 
even when all covariates including cholesterol and use of vitamin 

supplements were included (Stuetz et al., 2016).
In the MARK-AGE population, the micronutrients α- and γ-tocoph-

erol (the most acknowledged lipophilic antioxidants of lipoprotein 
particles) were found in both sexes to be strongly, positively correlated 
with LDLox, suggesting they could rather act as “pro-oxidant” molecules 
in the given experimental in vitro conditions. Although α-tocopherol is 
well known to inhibit LDL oxidation in vitro (more precisely the lag 
time), recent studies show that at lysosomal pH (in macrophages), 
α-tocopherol was unable to inhibit LDL oxidation induced by ferritin 
(Ojo and Leake, 2018). Moreover, it was suggested that dehy-
droascorbate (the oxidation product of ascorbate) could have in the 
presence of ferritin, at lysosomal pH, a pro-oxidant effect on partially 
oxidized LDLs (Ojo and Leake, 2021). Furthermore, lipophilic tocoph-
erols generally interact with the hydrophilic ascorbic acid, which is 
missing in our experimental set-up. As it was debated in a recent analysis 
resulted from the MARK-AGE data, all the so called “low molecular 
weight antioxidants” - α- and γ-tocopherol, lycopene, retinol, and 
ascorbic acid - reflect nutritional patterns and do not automatically 
possess the capacity to counteract the oxidative stress exerted on specific 
lipoprotein particles, such as LDLs (Pinchuk et al., 2021). In the present 
study, the age- and sex-associations of these studied dietary antioxi-
dants, as well as their relationships with other oxidative stress bio-
markers (LDLox, MDA) display the same trend with the findings 
reported in other MARK-AGE studies, in which larger cohorts were 
analyzed (> 2200 participants) (Weber et al., 2017; Pinchuk et al., 
2019).

In our studied sample population based on RASIG subjects aged 
40–75 years old, LDLox appeared to be significantly positively corre-
lated with chronological age in women and negatively correlated with 
ageing in men. Such sex-specific particularities regarding the ageing- 
related changes of LDL oxidizability could result from the differences 
existing among the male and female groups, as recorded for some clin-
ical (SBP, DBP), anthropometric (BMI, WTHR) characteristics and 
additional measured MARK-AGE biomarkers (Table 1). Beyond the as-
sociation of LDLox with cholesterol and triglycerides content in lipo-
protein fractions and subfractions, the multiple correlation analysis 
identified numerous other sex-specific metabolic determinants for 
LDLox, which could also explain such differences in LDL oxidation 
profiles between men and women. And lastly, it was interesting to 
analyze, within the studied cohort, the age-related changes of the 
MARK-AGE parameters which were identified to be significantly 
correlated with LDLox.

Overall, the “ageing metabolic landscape” displays an impaired 
glucose homeostasis by pointing out significantly in women, an increase 
in TyG index and HOMA-IR with chronological age. Also, only in the 
female group was pointed out a significant increase with age in tri-
glycerides and cholesterol levels in all lipoprotein fractions and sub- 
fractions (LDL, VLDL, LDL2, VLDL2 and HDL2) excepting the protec-
tive, anti-atherogenic HDL-cholesterol fraction. In other words, the LDL, 
VLDL and HDL2 lipoprotein particles content of specific substrates for 
lipid peroxidation increased with chronological age only in women. 
These age-related changes in the advanced lipoprotein profile could 
explain the ageing-related increases in the LDL oxidizability pointed out 
in women. Numerous studies demonstrated that lipoprotein-associated 
cardiovascular risk, besides that dependent on LDL-cholesterol, is 
determined by a cluster of metabolic abnormalities, referred to as the 
“atherogenic lipid phenotype”, characterized by elevated triglycerides 
(TG)-rich lipoproteins levels, increased small dense LDL and decreased 
HDL (Grundle et al., 2021; Kollar et al., 2021). It is acknowledged that 
serum levels of VLDLs enriched in TG are metabolized predominantly to 
small, dense LDL; VLDL1 once secreted from the liver enters a delipi-
dation cascade leading to the formation of smaller VLDL2, IDL, and LDL. 
LDL is derived from the delipidation of VLDL1 but the extent of con-
version is lower than from VLDL2 (Packard et al., 2020). In this respect, 
small LDL (LDL2) and small HDL (HDL2) particles were associated with 
impaired glucose tolerance and reduced insulin sensitivity, and overall 

Table 6 
Internal cross-validation results (RASIG population).

RASIG population – 1089 subjects

Case a (HBPþWTHR)

Validation measure MLP SVM XGB

Accuracy 0.714 0.714 0.705
Precision 0.671 0.627 0.619
Recall 0.594 0.740 0.725
F1 Score 0.628 0.678 0.667
Matthews Corr. 0.401 0.430 0.411
ROC AUC Score 0.784 0.785 0.783
Case b (HBPþBMIoverweight)

MLP SVM XGB
Accuracy 0.728 0.711 0.735
Precision 0.667 0.584 0.616
Recall 0.514 0.718 0.727
F1 Score 0.577 0.643 0.665
Matthews Corr. 0.392 0.412 0.455
ROC AUC Score 0.793 0.792 0.808
Case c (HBPþBMIobese)

MLP SVM XGB
Accuracy 0.864 0.752 0.772
Precision 0.457 0.311 0.339
Recall 0.125 0.717 0.771
F1 Score 0.180 0.432 0.470
Matthews Corr. 0.174 0.349 0.401
ROC AUC Score 0.811 0.803 0.839

*MLP = Multilayer Perceptron, SVM = Support Vector Machines, XGB =
XGBoost Classifier, Matthews Corr. = Matthews Correlation Coefficient

Table 7 
External validation results (GO and SGO populations).

GO population (346 
subjects)

SGO population (192 
subjects)

Case a (HBPþWTHR) Case a (HBPþWTHR)

Validation measure MLP SVM XGB MLP SVM XGB

Accuracy 0.630 0.630 0.618 0.609 0.656 0.661
Precision 0.614 0.584 0.566 0.664 0.672 0.677
Recall 0.538 0.694 0.750 0.670 0.804 0.804
F1 Score 0.573 0.634 0.645 0.667 0.732 0.735
Matthews Corr. 0.251 0.270 0.261 0.195 0.272 0.284
ROC AUC Score 0.693 0.705 0.673 0.659 0.654 0.648

Case b 
(HBPþBMIoverweight)

Case b 
(HBPþBMIoverweight)

MLP SVM XGB MLP SVM XGB
Accuracy 0.685 0.647 0.642 0.620 0.661 0.630
Precision 0.609 0.534 0.528 0.670 0.646 0.640
Recall 0.522 0.709 0.694 0.573 0.816 0.709
F1 Score 0.562 0.609 0.600 0.618 0.721 0.673
Matthews Corr. 0.321 0.309 0.295 0.247 0.319 0.252
ROC AUC Score 0.736 0.738 0.715 0.688 0.687 0.682

Case c (HBPþBMIobese) Case c (HBPþBMIobese)
MLP SVM XGB MLP SVM XGB

Accuracy 0.858 0.740 0.676 0.823 0.667 0.641
Precision 0.565 0.327 0.258 0.455 0.299 0.275
Recall 0.250 0.692 0.615 0.152 0.697 0.667
F1 Score 0.347 0.444 0.364 0.227 0.418 0.389
Matthews Corr. 0.310 0.338 0.225 0.185 0.275 0.231
ROC AUC Score 0.751 0.787 0.730 0.739 0.759 0.711

*MLP = Multilayer Perceptron, SVM = Support Vector Machines, XGB =
XGBoost Classifier, Matthews Corr. = Matthews Correlation Coefficient
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associated with an atherogenic risk profile (Hämäläinen et al., 2018). 
Recently, Fernández-Cidón et al. demonstrated that subjects with re-
sidual risk of premature cardiovascular disease had higher concentra-
tions of small dense LDL-cholesterol (sdLDL) and triglycerides (TG) in 
LDL and HDL particles (Fernández-Cidón et al., 2021). In observational 
analyses, a higher triglyceride composition within HDL subclasses was 
associated with higher risk of CHD, independently of total cholesterol 
and triglycerides (Kettunen et al., 2019). Also, it has been proposed that 
small HDL subclass (HDL2) exhibits atherogenic properties (dysfunc-
tional HDL) whereas large and intermediate HDL subclasses are athe-
roprotective (Serban et al., 2014).

In women, other metabolic and systemic inflammation parameters 
that are positively associated with the increase in LDL oxidizability such 
as ferritin, fibrinogen and hsCRP, were also found to display a significant 
age-related increase. Serum ferritin express the body iron stores and is 
an acute phase reactant known to coordinate cellular defense against 
oxidative stress and inflammation (Galaris et al., 2019). Ferritin is 
assessed routinely in the diagnosis of anemia because low levels are a 
criterion for iron deficiency anemia. Its concentration increases in 
women after the menopause, with a concomitant increase in the risk for 
several diseases (Engelfriet et al., 2013). Recent experimental and 
clinical studies demonstrated the direct involvement of ferritin in LDL 
oxidation through reactive oxygen species generation and oxidative 
stress associated with hyperglycemia and hyperlipidemia 
(Martínez-Soto et al., 2021). In the MARK-AGE sample population, 
ferritin levels were higher in women than in men and increased signif-
icantly with age only in women. The ageing-related increase in all the 
pro-inflammatory, pro-thrombotic, pro-oxidative and pro-atherogenic 
biomarkers/factors such as: fibrinogen, ferritin, glucose, uremic envi-
ronment and small-dense lipoprotein particles LDL2, seem to be coun-
teracted by a single biomarker with anti-inflammatory and 
anti-atherosclerotic properties, namely the adiponectin. Notably, in 
women, the significantly age-related increased levels of 
pro-inflammatory parameters and LDL oxidizability were pointed out 
together with increased levels of plasma malondialdehyde (MDA), a less 
specific biomarker of lipid peroxidation. As regards the nitric oxide 
metabolic pathway products (NOx), a recent MARK-AGE study in the 
RASIG sample population evidenced that blood bacterial DNA levels 
were positively, significantly associated with plasma NOx levels 
(Giacconi et al., 2023).

By contrast, in male subjects’ group there was a significant decrease 
in LDL oxidation biomarkers (LDLox and LDLox/apoB) with chrono-
logical age. Only in men LDLox was significantly negatively correlated 
with the protective, anti-atherogenic fraction HDL-cholesterol and 
HDL2-cholesterol. Although LDLox is positively correlated with fibrin-
ogen and glucose levels/insulin resistance it should be noted that both 

fibrinogen and insulin resistance (HOMA-IR and TyG index) increase 
with chronological age are less pronounced in men versus women. LDLox 
was not significantly associated with ferritin levels but was negatively 
correlated with adiponectin. At a glance, it seems that all these more or 
less significant ageing-related metabolic differences between male and 
female subjects have made male subjects’ LDLs particles less susceptible 
(vulnerable) to the oxidative stress exerted in vitro, in our experimental 
setting.

The present study evidenced in both sexes an age-related increase in 
adiponectin levels, and its protective effect against LDL oxidation. Data 
regarding the correlation between adiponectin levels and age are con-
tradictory (Baker et al., 2019), but clinical studies have suggested a 
positive association of circulating adiponectin with healthspan and 
lifespan: for instance, hypoadiponectinemia was closely associated with 
type 2 diabetes, metabolic syndrome (MS), atherosclerotic cardiovas-
cular diseases (CVD) and oxidative stress (Baker et al., 2019; Gradinaru 
et al., 2017). A decrease in adiponectin clearance in the kidney may be 
the cause of high levels of adiponectin in the elderly. Adiponectin level 
seems to be influenced strongly by blood urea nitrogen (BUN) and to be 
increased by a decline in renal function with ageing (Isobe et al., 2005). 
The MARK-AGE study also confirmed, in men and women, the 
age-related increase in serum urea concentration which might reflect an 
age-related decline in renal function (Bürkle et al., 2015).

LDL oxidation and lipid peroxidation are the result of metabolic 
stress to which the female body is subjected (probably following 
menopause) at systemic level and in the endothelial microenvironment: 
ferritin - and possible subsequent iron release, in certain conditions such 
as hyperglycemia, and hyperuremia. Our data are in line with recent 
findings from a cross-sectional and longitudinal study showing that 
transition from pre-menopausal period to post-menopause has effects on 
multiple circulating metabolic biomarkers, over and above the under-
lying age trajectory. The adverse changes in multiple apolipoprotein-B- 
containing lipoprotein subclasses, increased inflammation and oxidative 
stress may underlie women’s increased cardiometabolic risk in their 
post-menopausal years (Wang et al., 2018; Pinchuk et al., 2019).

The MARK-AGE study identified the CpG islands of FHL2 gene, 
whose methylation levels strongly correlates with chronological age in 
both sexes (Garagnani et al., 2012; Bürkle et al., 2015). In recent studies 
FHL2 age-related hypermethylation is validated amongst the strongest 
biomarkers of biological age, in men and women (Han et al., 2020). In 
our sample population a significant negative association between LDL 
oxidizability and this epigenetic biomarker of ageing (FHL2_CpG_16,17) 
was pointed out only in female subjects. The four and a half LIM domains 
2 (FHL2) gene encode for a transcriptional cofactor that acts as a scaf-
folding protein, and is expressed most abundantly in the heart and blood 
vessels (Habibe et al., 2021). FHL2 hypermethylation and expression are 

Table 8 
Average feature importance (%) results for each validation type and outcome.

Internal cross-validation (RASIG population) External validation (GO population) External validation (SGO population)

Variable Case a Case b Case c Case a Case b Case c Case a Case b Case c

LDLox 0.14 % 0.23 % 1.06 % 0.18 % 0.26 % 0.01 % 0.22 % 0.00 % 0.00 %
Risk_HDL-C+LDLox_12 0.48 % 0.44 % 2.56 % 0.22 % 0.02 % 0.68 % 0.00 % 0.00 % 0.00 %
Risk_HDL-C+LDLox_16 0.09 % 0.10 % 0.75 % 0.00 % 0.03 % 2.83 % 0.35 % 2.14 % 3.28 %
Risk_HDL-C 0.08 % 0.07 % 0.58 % 0.00 % 0.00 % 0.26 % 0.15 % 0.35 % 2.21 %
Risk_LDLox/HDL-C 0.16 % 0.56 % 3.18 % 0.48 % 0.19 % 4.61 % 2.27 % 0.75 % 9.90 %
FHL2_13,14,15+LDLox 0.62 % 1.06 % 0.58 % 1.05 % 1.81 % 0.01 % 7.37 % 5.22 % 1.03 %
FHL2_16,17+LDLox 0.30 % 0.60 % 0.81 % 0.51 % 0.61 % 0.15 % 0.43 % 0.00 % 0.00 %
Sex 5.50 % 0.31 % 0.94 % 2.76 % 0.50 % 1.31 % 2.08 % 0.00 % 2.84 %
Chronological age 45.96 % 22.37 % 0.64 % 7.86 % 0.78 % 0.06 % 7.61 % 0.79 % 0.20 %
HOMA-IR 7.15 % 19.28 % 52.34 % 9.33 % 25.36 % 54.14 % 12.85 % 24.67 % 48.28 %
TyG 8.26 % 9.54 % 2.75 % 19.71 % 9.50 % 2.02 % 20.41 % 20.48 % 1.97 %
AIP 0.43 % 1.29 % 1.77 % 4.55 % 4.40 % 0.91 % 1.74 % 0.98 % 1.06 %
Adiponectin 1.03 % 1.78 % 0.51 % 3.84 % 4.54 % 0.80 % 0.15 % 0.16 % 0.91 %
Uric acid 21.79 % 34.27 % 18.21 % 26.20 % 40.06 % 13.65 % 19.05 % 23.51 % 3.98 %
Smoking years 0.14 % 0.08 % 0.17 % 0.00 % 0.64 % 0.18 % 0.00 % 0.07 % 1.10 %

*Case a = HPB+WTHR, Case b = HBP+BMIoverweight, Case c = HBP+BMIobese; HDL-C, HDL-cholesterol
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increased in ageing, and in different pathologies such as cardiovascular 
dysfunction, vascular disease and obesity (Garagnani et al., 2012; Chen 
et al., 2020). In mice, FHL2 in both myeloid and vascular cells may play 
an important role in atherosclerosis by promoting proinflammatory 
chemokine production, adhesion molecule expression, and proin-
flammatory monocyte recruitment (Ebrahimian et al., 2015). Func-
tionally, in vascular smooth muscle cells the absence of FHL2 (in 
knockout mice) resulted in attenuated cholesterol efflux to ApoA-1 and 
high-density lipoprotein (HDL), in agreement with an altered cholesterol 
synthesis and liver X receptor (LXR) signaling pathways (Kurakula et al., 
2015).

In the present study, the different association between the hyper- 
methylation of CpG sites (FHL2_CpG_16,17 and FHL2_CpG_13,14,15) of 
the promoter region of FHL2 and LDL oxidation could indicate the 
vascular endothelium shift during ageing to a pro-inflammatory, pro- 

oxidative and pro-atherosclerotic status/phenotype. As the LIM domains 
allow FHL2 to interact with a variety of targets proteins (such as 
different transcription factors), it modulates a large number of functions 
of various tissues and their pathologies, therefore it could influence LDL 
oxidizability.

The correlation analysis which explored the relationships between 
ageing, LDLox and relevant MARK-AGE biomarkers proved that LDL 
susceptibility to oxidation is influenced - in vitro and in vivo - by a series 
of metabolic, prooxidant, proinflammatory and proatherogenic factors. 
Therefore, LDLox was further used in three prediction models - machine 
learning algorithms - together with other traditional clinical parameters 
such as BMI, WTHR, SBP, and DBP, with the aim of estimating the 
cardiometabolic risk, quantified through the combined status of high 
blood pressure (HBP) and obesity for the MARK-AGE subjects.

With regards to the results obtained in terms of machine learning 
algorithm validation (Tables 6 and 7), one of the most notable aspects 
which can be noticed is the enhanced predictive ability obtained during 
the internal repeated (10 times) 5-fold cross-validation on RASIG pop-
ulation (1089 subjects), as opposed to the external validation, per-
formed on GO (346 subjects) and SGO (192 subjects) populations. For 
example, for Case a (HBA+WTHR), the computed internal cross- 
validation ROC AUC Score (which quantified how well calibrated are 
the probabilities estimated by the model – the ROC AUC Score can vary 
between 0 and 1) varied between 0.783 and 0.785 (with a maximum of 
0.785 obtained for SVM algorithm), while the Matthews Correlation 
Coefficient (a less biased classification metric when compared to F1 
Score; it should be noted that the Matthews Correlation Coefficient can 
take values from − 1–1, with − 1 meaning a completely opposite classi-
fication and 1 perfect classification) yielded values of 0.401–0.43 (with 
a maximum of 0.43 obtained for the SVM algorithm). On the other hand, 
the combined hypertension and BMI prediction models (Cases b and c) 
yielded higher ROC AUC Scores (for Case b – HPB+BMIoverweight: 
0.792–0.808; for Case c – HBP+BMIobese: 0.803–0.839; for both cases 
the XGB algorithm obtained the best performance), but variable Mat-
thews Correlation Coefficients (Case b – HPB+BMIoverweight: 
0.392–0.455; for Case c – HBP+BMIobese: 0.174–0.401; for both cases 
the XGB algorithm obtained the best performance). Hence, overall, the 
internal cross-validation results performed on more than 1000 subjects 
from the MARK-AGE general population yielded ROC AUC Scores 
ranging from a minimum of 0.783 to a maximum of 0.839; it is 
reasonable to note that the computed values are satisfactory, especially 
considering the small dataset and the complex nature of the three out-
comes: combined status of high blood pressure (at least stage 1) and 
overweight or obesity, quantified through waist-to-hip ratio and BMI 
(Leggio et al., 2017; Muhammad et al., 2022). Therefore, the main aim 
of the obtained algorithms could be to identify and stratify individuals 
with a high cardiometabolic risk, based on the specific probabilities 
estimated by the machine learning models (Pedregosa et al., 2011; Chen 
and Guestrin, 2016).

On the other hand, unlike for the internal cross-validation, for the GO 
and SGO external validation lower ROC AUC Scores were obtained. 
Indeed, for Case a (HBP+WTHR), Table 7 illustrates a ROC AUC Score in 
the range 0.673–0.705 for the validation on GO population (the 
maximum value – 0.705, was obtained with the SVM algorithm), while 
the validation on SGO yielded a 0.648–0.659 range (the maximum value 
– 0.659, was obtained with the MLP algorithm). Enhanced results were 
obtained when validating the estimated probabilities for the combined 
high blood pressure and BMI-quantified overweight (Case b) and obesity 
status (Case c). For Case b, the ROC AUC Score ranged from 0.715 to 
0.738 (maximum value: SVM algorithm) for the GO external validation 
and from 0.682 to 0.688 (maximum value: MLP algorithm) for the SGO 
external validation respectively. Even though the dataset was more 
imbalanced when the combined status of HBP and BMI-quantified 
obesity was used as outcome (see Table 4 for details regarding the dis-
tribution of the outcomes for each of the three populations – RASIG, GO 
and SGO), optimized ROC AUC Scores were computed for Case c 

Fig. 4. Comparative feature importance of the combined LDLox and HDL 
cholesterol variables: Risk_HDL-C+LDLox_16 (A), Risk_HDL-C+LDLox_12 (B) 
and Risk_LDLox/HDL-C versus the classical risk of HDL cholesterol (A,B) and 
Plasma Atherogenic Index (AIP) (C), for the three combined prediction models 
with hypertension (HBP) and obesity outcomes (Cases a, b and c) in RASIG, GO 
and SGO population. Legend: a = HPB+WTHR, b = HBP+BMIoverweight, c =
HBP+BMIobese, RASIG = internal cross-validation, GO = external validation on 
GO population, SGO = external validation on SGO population.
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(0.73–0.787 for GO external validation and 0.711–0.759 for SGO 
external validation; in both situations, the SVM algorithm led to the best 
results). As with the ROC AUC Score, the computed Matthews Correla-
tion Coefficients were lower than for the RASIG internal validation, with 
overall values ranging from 0.225 to 0.338 for the GO external valida-
tion and from 0.185 to 0.319 for the SGO external validation.

Hence, taking into consideration the most important validation 
metrics which were computed, our results support the use of the SVM 
algorithm for estimating the risk of developing combined HBP and 
WTHR-quantified obesity in the general population, while the XGB al-
gorithm might be better suited for the combined HBP and BMI- 
quantified overweight and obesity status risk estimation. The signifi-
cantly lower validation results which were obtained for the external 
validation make it more difficult to support the use of such algorithms 
for estimating the cardiometabolic risk in GO and SGO populations, 
perhaps with the notable exception of the combined HBP and BMI- 
quantified obesity status, where the ROC AUC Scores consistently 
reached values above 0.75 for the SVM algorithm.

With regards to other published studies which implemented artificial 
intelligence for predicting hypertension and/or obesity in adults, it is 
worth mentioning that the vast majority of the research focused on the 
individual prediction of the two outcomes, hypertension (Fitriyani et al., 
2019; Montagna et al., 2022; Islam et al., 2023; Nematollahi et al., 2023) 
or obesity (Thamrin et al., 2021; Jeon et al., 2023; Lin et al., 2023), 
while the obesity prediction models were based on BMI and not on 
WTHR. Even though most of the studies relied on bigger datasets (at 
least 10000 subjects) than the one from our study (approximately 1000 
subjects), the obtained metrics showed a high variability and the ma-
jority of the published research did not reach superior results when 
compared to our study; for example, Jeon et al. reported 0.65–0.7 AUC 
for predicting obesity by using data from 21100 Korean subjects, while 
Thamrin et al. reported a 0.74–0.79 AUC for predicting obesity on 
618898 Indonesian subjects (Thamrin et al., 2021; Jeon et al., 2023). In 
terms of relevant studies performed on European populations, Montagna 
et al. predicted hypertension by using data obtained from 20206 sub-
jects and reported an AUC of 0.816 (Montagna et al., 2022). In addition, 
it should be mentioned that all the mentioned studies purely relied on a 
raw classification approach and did not implement probability predic-
tion; therefore, it should be mentioned that our developed algorithms 
might be better suited for stratifying individuals with high car-
diometabolic risk (Pedregosa et al., 2011; Leggio et al., 2017). There-
fore, our study is the first to implement a machine learning prediction of 
combined HBP and obesity status risk, as well as to include the WTHR as 
relevant outcome in a machine learning algorithm; it has been suggested 
by several studies that WTHR is a better cardiovascular risk predictor 
than BMI (Cao et al., 2018; Harris, 2023).

By implementing a standardized methodology during the machine 
learning validation process, it was possible to extract the importance of 
each variable for the prediction of each of the three outcomes. The 
feature importance was assessed on unseen data by using the ROC AUC 
Score as evaluation metric, which lead to a less biased measure of the 
contribution of each predictive variable in terms of outcome probability 
estimation. Regarding the obtained results (Table 8, Fig. 4), several 
clinically relevant findings are worth being mentioned. First of all, for all 
validation types and cardiometabolic outcome, at least one of the 
combined thresholds based on LDLox (≥12 and ≥16) and HDL choles-
terol (<40 mg/dl for males or <50 mg/dl for females) (Risk_HDL- 
C_LDLox_12, Risk_HDL-C_LDLox_16) had a higher average predictive 
importance than the HDL-cholesterol threshold (<40 mg/dl for males or 
<50 mg/dl for females) (Risk_HDL-C). These findings suggest that the 
clinical context (such as the susceptibility to oxidation of LDL particles - 
LDLox) of the subjects with HDL cholesterol lower than the recom-
mended thresholds could add valuable information for estimating their 
cardiometabolic risk, especially considering the fact that the relation-
ship between HDL cholesterol and cardiovascular risk is considered non- 
linear (März et al., 2017). Secondly, in several situations, the ratio 

between LDLox and HDL cholesterol (Risk_LDLox/HDL-C) outperformed 
the classical AIP (the ratio between triglycerides and HDL cholesterol) in 
terms of predictive importance. It is worth mentioning that the ratio 
between LDLox and HDL reached the highest predictive relevance for 
Case c (HBP+BMIobese) for all validation types (internal RASIG valida-
tion: 3.18 %; external GO validation: 4.61 %; external SGO validation: 
9.90 %): these aspects might be explained by the fact that for subjects 
with obesity, oxidative stress is one of the most important factors, while 
obesity, high blood pressure and oxidative stress are all important risk 
factors for atherosclerosis and cardiovascular risk (Aoki et al., 2012; 
Leggio et al., 2017; Muhammad et al., 2022). In addition, other com-
bined indices centered on the susceptibility of LDL particles to oxidation, 
such as the product between LDLox and the DNA methylation status of 
FHL2 promoter (on 13, 14 and 15 CpG sites), also showed important 
contributions to the overall prediction, especially for the external vali-
dation performed on SGO population (Case a – 7.37 %, Case b – 5.22 %). 
Since the FHL2 methylation status is an important epigenetic marker, 
with an incompletely understood role in lipoprotein oxidation and car-
diovascular risk, our results deem further research on a larger number of 
subjects. Hence, the current study is the first to analyze the combined 
predictive value of epigenetic markers and lipoprotein parameters on 
cardiovascular risk (Habibe et al., 2021), highlighting their complex and 
patient specific role for the cardiometabolic risk assessment.

However, even though LDLox based variables reached in a number of 
specific situations higher prediction importance when compared to the 
classical risk biomarkers (such as HDL threshold and AIP), there were 
more cases when LDLox based variables were outperformed by several 
clinically relevant features. For example, the internal validation (RASIG 
population) yielded importance scores of under 1 % for all LDLox based 
variables for Case a (HBP + WTHR), while sex, age, HOMA-IR, TyG and 
uric acid all reached scores of over 5 % (hence at least 5 times higher) in 
that situation. In this clinical context, it is worth mentioning that Case a, 
due to defining obesity through WTHR, might be more relevant than 
Cases b and c (which defined overweight and obesity status through 
BMI) from a cardiovascular risk perspective (Cao et al., 2018; Harris, 
2023). In addition, LDLox showed a high importance in specific situa-
tions mainly when combined with other biomarkers, such as HDL 
cholesterol or the DNA methylation status of FHL2 promoter, which 
emphasizes that the susceptibility to oxidation of LDL particles might 
have an impact on cardiometabolic risk only through some complex 
interactions involving specific gene and lipid metabolism 
dysregulations.

Nevertheless, a limitation of the developed and validated machine 
learning models would be the fact that we didn’t include as predictive 
variables any information regarding pharmacological treatment and 
subjects’ comorbidities. While such information would be relevant from 
a clinical viewpoint, the main aim of the current stage of this analysis 
was to assess the cardiometabolic risk based solely on candidate ger-
omarkers and lifestyle factors.

Another important limitation of the current study is the relatively 
small number of predictive biomarkers. While it is reasonable to state 
that the inclusion of more relevant biomarkers would have lead to a 
better predictive ability of the machine learning models (Kaneko, 2024), 
it would have made more difficult the assessment of the importance of 
LDLox in relation to the other variables (Pedregosa et al., 2011). In 
addition, since future studies would aim at enlarging the cohort size and 
building an online platform for clinical use of the predictive algorithms, 
the inclusion of a too high number of biomarkers would be invaluable 
from a practical and economical point of view (Bajwa et al., 2021).

Thirdly, the feature importance assessment was undertaken based on 
one single relevant method, the permutation technique, which randomly 
shuffled the specific variable which was analyzed, in order to compute 
the average loss in the ROC AUC Score. While the average results which 
were obtained on all three algorithm types (MLP, SVM and XGB) for 
each outcome and validation cohort (RASIG, GO and SGO) can be hence 
considered as a standardized manner of comparing the relative 
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importances of the predictive variables, the main caveat in applying this 
method in the current study would be its inability of handling in-
teractions between variables (Cava et al., 2020). Hence, it should be 
mentioned that, given the complex environment which regulates 
oxidative stress and cardiometabolic risk, it is reasonable to state that 
specific interactions between LDLox and other predictive biomarkers 
and/or lifestyle factors might occur (Gradinaru et al., 2015; Sverdlov 
et al., 2016).

The current study offers novel insights regarding the combined ef-
fects of LDL oxidation and other ageing markers on cardiometabolic risk 
assessment. The MARK-AGE project and the present study pointed out 
for several biomarkers strong sex- and age-related correlations, sug-
gesting that biological differences between women and men extend 
beyond the hormonal differences. As a consequence, the vascular ageing 
could express sex-specific biomarkers and should address sex-specific 
challenges and health conditions. Therefore, future studies must aim 
to validate the obtained results on larger patient cohorts, in order to 
obtain reproducible clinical assessment models.

5. Conclusions

In the MARK-AGE study population, the LDL oxidizability (LDLox) 
might be regarded as a candidate geromarker that illustrates the car-
diometabolic risk as a consequence of proatherogenic and prooxidant 
conditions existing at systemic level, resulting from an increased ageing- 
related metabolic stress (dyslipidemia, chronic hyperglycemia, hyper-
insulinemia, hyperuricemia), inflammation and pro-thrombotic envi-
ronments, which are also acknowledged to be commonly associated with 
hypertension and/or overweight/obesity. Despite the disadvantages of 
the implemented machine learning methods (small number of subjects 
and of predictive variables, as well as the lack of external validation on a 
group of subjects from the general population), the current research is 
the first to develop predictive models for estimating the personalized 
cardiometabolic risk defined as the overlapping hypertension and 
obesity status. Furthermore, the non-inferior predictive value of the 
combined LDLox and HDL-cholesterol indices when compared to the 
classical HDL-cholesterol based markers (sex-based thresholds and 
Atherogenic index) emphasizes the complex relationships between the 
various lipoprotein fractions within the vascular environment, as well as 
the possible justification of considering LDLox as a clinically relevant 
marker in cardiometabolic risk estimation, after confirmation by more 
large-scale studies. Overall, LDLox offers an additional advantage in the 
clinical assessment of cardiometabolic risk associated with ageing.

Funding

This work was supported by the European Commission (Project Full 
Name: European Study to Establish Biomarkers of Human Ageing; 
Project Acronym: MARK-AGE; Project No. 200880). The current 
research and publication were undertaken with the support of "Carol 
Davila" University of Medicine and Pharmacy, Bucharest.

CRediT authorship contribution statement

Efstathios S Gonos: Writing – review & editing, Investigation, 
Formal analysis. Eugène HJM Jansen: Writing – review & editing, 
Investigation, Formal analysis. Daniela Gradinaru: Writing – review & 
editing, Writing – original draft, Supervision, Project administration, 
Methodology, Investigation, Formal analysis, Data curation, Conceptu-
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Sikora, E., Gradinaru, D., Dollé, M., Salmon, M., Kristensen, P., Griffiths, H.R., 
Libert, C., Grune, T., Breusing, N., Aspinall, R., 2015. MARK-AGE biomarkers of 
ageing. Mech. Ageing Dev. 151, 2–12. https://doi.org/10.1016/j.mad.2015.03.006.

Cao, Q., Yu, S., Xiong, W., Li, Y., Li, H., Li, J., Li, F., 2018. Waist-hip ratio as a predictor 
of myocardial infarction risk: A systematic review and meta-analysis. Medicine 97 
(30), e11639. https://doi.org/10.1097/MD.0000000000011639.

Capri, M., Moreno-Villanueva, M., Cevenini, E., Pini, E., Scurti, M., Borelli, V., 
Palmas, M.G., Zoli, M., Schön, C., Siepelmeyer, A., Bernhardt, J., Fiegl, S., 
Zondag, G., de Craen, A.J., Hervonen, A., Hurme, M., Sikora, E., Gonos, E.S., 
Voutetakis, K., Toussaint, O., Franceschi, C., 2015. MARK-AGE population: From the 
human model to new insights. Mech. Ageing Dev. 151, 13–17. https://doi.org/ 
10.1016/j.mad.2015.03.010.

Cava, W., Bauer, C., Moore, J.H., Pendergrass, S.A., 2020. Interpretation of machine 
learning predictions for patient outcomes in electronic health records. AMIA Annu. 
Symp. . Proc. AMIA Symp. 2019, 572–581.

Chen, C.Y., Tsai, H.Y., Tsai, S.H., Chu, P.H., Huang, P.H., Chen, J.W., Lin, S.J., 2020. 
Deletion of the FHL2 gene attenuates intima-media thickening in a partially ligated 
carotid artery ligated mouse model. J. Cell. Mol. Med. 24 (1), 160–173. https://doi. 
org/10.1111/jcmm.14687.

Chen, T., & Guestrin, C. (2016). XGBoost: A Scalable Tree Boosting System. In 
Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery 
and Data Mining (pp. 785–794). New York, NY, USA: ACM. https://doi.org/10.11 
45/2939672.2939785.
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Slagboom, P.E., Jansen, E.H.J.M., Dollé, M.E.T., Grune, T., Weber, D., Hervonen, A., 
Stuetz, W., Breusing, N., Ciccarone, F., Zampieri, M., Aversano, V., Caiafa, P., 
Formentini, L., Piacenza, F., Cardelli, M., 2019. Nutritional factors modulating alu 
methylation in an Italian sample from the mark-age study including offspring of 
healthy nonagenarians. Nutrients 11 (12), 2986. https://doi.org/10.3390/ 
nu11122986.

Giacconi, R., D’Aquila, P., Malavolta, M., Piacenza, F., Bürkle, A., Villanueva, M.M., 
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Grune, T., Bürkle, A., Dollé, M.E., 2015. Quality control data of physiological and 
immunological biomarkers measured in serum and plasma. Mech. Ageing Dev. 151, 
54–59. https://doi.org/10.1016/j.mad.2015.06.004.

Jeon, J., Lee, S., Oh, C., 2023. Age-specific risk factors for the prediction of obesity using 
a machine learning approach. Front. Public Health 10, 998782. https://doi.org/ 
10.3389/fpubh.2022.998782.

Kananen, L., Enroth, L., Raitanen, J., Jylhävä, J., Bürkle, A., Moreno-Villanueva, M., 
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Salmon, M., Stuetz, W., Weber, D., Grune, T., Jylhävä, J., 2023. Circulating cell-free 
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