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Abstract 

Background The concept of early vascular aging (EVA) represents a potentially beneficial model for future research 
into the pathophysiological mechanisms underlying the early manifestations of cardiovascular disease. For this rea‑
son, the aims of this study were to verify by confirmatory factor analysis the concept of EVA on a single factor based 
on vascular, clinical and biochemical parameters in a healthy adult population and to develop a statistical model 
to estimate the EVA index from variables collected in a dataset to classify patients into different cardiovascular risk 
groups: healthy vascular aging (HVA) and EVA.

Methods The EVasCu study, a cross‑sectional study, was based on data obtained from 390 healthy adults. To exam‑
ine the construct validity of a single‑factor model to measure accelerated vascular aging, different models includ‑
ing vascular, clinical and biochemical parameters were examined. In addition, unsupervised clustering techniques 
(using both K‑means and hierarchical methods) were used to identify groups of patients sharing similar characteristics 
in terms of the analysed variables to classify patients into different cardiovascular risk groups: HVA and EVA.

Results Our data show that a single‑factor model including pulse pressure, glycated hemoglobin A1c, pulse wave 
velocity and advanced glycation end products shows the best construct validity for the EVA index. The optimal value 
of the risk groups to separate patients is K = 2 (HVA and EVA).

Conclusions The EVA index proved to be an adequate model to classify patients into different cardiovascular risk 
groups, which could be valuable in guiding future preventive and therapeutic interventions.
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Introduction
One hypothesis to explain some aspects of early cardio-
vascular disease (CVD) is that of early vascular ageing 
(EVA) as part of a broader process of early biological age-
ing [1, 2]. This could be the case for individuals with clas-
sical risk factors or with a strong family history of early 
manifestations of CVD [1, 3]. Healthy vascular aging 
(HVA) is associated with a gradual change in vascular 
structure and function, leading to a decrease in arterial 
distensibility and an increase in arterial stiffness [4, 5]. 
This is influenced by age-dependent structural and bio-
chemical changes, e.g., in the elastin and collagen content 
of the vascular wall. Superimposed on this physiological 
process is EVA, which is accompanied by characteristic 
lesions and plaque formation and begins with an increase 
in the thickness of the intima media in the vessel wall 
[4–6].

Systems that assess traditional risk factors greatly 
improve risk prediction but classify only a small pro-
portion of asymptomatic individuals over the age of 40 
as high risk, which is contradictory when observing the 
high CVD morbidity and mortality at this age [7]. This 
discrepancy is known as the detection gap, and it can 
be argued that current screening and diagnostic meth-
ods are insufficient to identify those at risk of develop-
ing a cardiovascular event [8]. In calculating risk, the vast 
majority do not consider emerging risk factors, and they 
are likely to exert a greater influence on overall individual 
risk than traditional or classical risk factors [9].

Based on the available evidence, the EVA concept rep-
resents a potentially effective model for future research 
into the pathophysiological mechanisms underlying the 
early manifestations of CVD [1, 3]. Some studies sup-
port the association of different parameters related to 
vascular aging, such as arterial stiffness, endothelial dys-
function and carotid intima-media thickness [2, 5]. In 
addition, they propose the EVA index as a predictor of 
some chronic pathologies such as cancer, diabetes mel-
litus or CVD in subjects at increased cardiovascular risk 
[1]. Other findings show that these emerging markers 
could be more predictive than classical markers, showing 
additional better prediction when combined with classi-
cal parameters of cardiovascular risk [9].

Since it has been recognized that there is a discrepancy 
between a patient’s chronological age and their signs and 
symptoms of vascular age and that in some individuals, 
the vascular aging process is more accelerated than in 
others, increasing the risk of premature manifestations 
of CVD [3], the aims of this study were (1) to verify by 
confirmatory factor analysis the concept of single-factor 
EVA based on vascular, clinical and biochemical param-
eters in a healthy adult population and according to sex 
and (2) to develop a statistical model to estimate the EVA 

index from the variables collected in a dataset to classify 
patients into two different cardiovascular risk groups: 
HVA and EVA.

Methods
Design, participants, and sample size
The EVasCu study, a cross-sectional design study, is 
based on data obtained from healthy adult subjects from 
the city of Cuenca, Spain (collected from June to Decem-
ber 2022). The inclusion and exclusion criteria for partic-
ipants are shown in Additional file 1: Table S1.  This study 
was conducted according to the guidelines for reporting 
observational studies “Strengthening the Reporting of 
Observational Studies in Epidemiology (STROBE) State-
ment” [10].

The sample size was calculated using Epidat software 
and indicated that 355 participants would provide an 
estimated effect size of 1, with an alpha risk of 0.05 and 
an absolute precision level of 0.04 to detect a statistically 
significant result for the EVA index [11]. Subjects meet-
ing the inclusion and exclusion criteria were invited to 
participate in the study, and eventually, 390 participants 
were enrolled.

Ethical considerations
The research protocol of this study was approved by the 
Clinical Research Ethics Committee of the Cuenca Health 
Area (REG: 2022/PI2022). Written informed consent to 
participate was obtained from all subjects included in 
the study. All procedures performed in this study were in 
accordance with the Declaration of Helsinki and its later 
amendments or comparable ethical standards for experi-
ments involving humans [12].

Variables
Vascular parameters
Arterial stiffness was measured using oscillometric tech-
niques with Mobil-O-Graph® (IEM GmbH) and VaSera 
(FUKUDA-DENSHI). Mobil-O-Graph® measures aor-
tic pulse wave velocity (a-PWv) and augmentation index 
(AIx75), which were calculated as the mean of two 
repeated measurements, separated by 5 min each, while 
VaSera measures the cardio-ankle vascular index (CAVI). 
These parameters were measured in a quiet place and 
after a 5-min rest period using cuff size according to the 
participant’s arm/s and/or lower limb circumference.

Mean and maximal intima-media thickness (IMT) was 
measured by ultrasound with the Sonosite SII device 
(Sonosite Inc., Bothell, Washington, USA). IMT was cal-
culated as the mean measurement of the right and left 
carotid arteries.
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Clinical parameters
Pulse pressure (PP) was obtained from the difference 
between mean systolic blood pressure (SBP) and dias-
tolic blood pressure (DBP). Blood pressure was measured 
in a quiet place and after a 5-min rest period using the 
Omron® M5-I monitor (Omron Healthcare UK Ltd. with 
a cuff size according to the participant’s arm circumfer-
ence. SBP and DBP were calculated as the mean of two 
repeated measurements, separated by 5 min each.

Advanced glycation end products (AGEs) were meas-
ured by skin autofluorescence (SAF) with the AGE 
Reader® device. AGEs were calculated as the mean 
of the measurements from both arms. The mean for 
each arm was calculated as the mean of three repeated 
measurements.

Biochemical parameters
Glucose and ultrasensitive C-reactive protein (CRP) 
determinations were measured on a Roche Diagnostics® 
Cobas 8000 system, and insulin determinations were 
measured on the Abbott ® Architect platform. Glycated 
hemoglobin A1c (HbA1c) was determined by high-per-
formance liquid chromatography using the ADAMS A1c 
HA-8180V analyser from A. Menarini Diagnostics®. 
Samples were collected between 8 a.m. and 9 a.m. and 
after 12 h of fasting.

Statistical analysis
Confirmatory factor analysis
To examine the construct validity of a single-factor model 
to measure the EVA index, different models includ-
ing vascular, clinical, and biochemical parameters were 
examined to determine which variables from these three 
groups showed the best fit. Regression coefficients > 0.3 
and a statistical significance of p < 0.05 were considered 
criteria for including a variable in the EVA construct. 
For single-factor construct validity models, a model 
was considered to have a good fit if the comparative fit 
index (CFI) was > 0.96 and the root mean square residual 
(SRMR) was < 0.008 [13].

Choosing the optimal number of risk groups
The optimal number of risk groups (K) was determined 
considering the nature of the variables that best formed 
the construct validity of the EVA index. To accomplish 
this task, different values of K, ranging from 2 to 5, were 
explored and used in different algorithms to determine 
the optimal selection of groups in the dataset. First, the 
Calinski‒Harabasz [14] and Davies‒Bouldin [15] indi-
ces, which assess the relationship between the dispersion 
within the groups themselves and the dispersion between 
them, were calculated. A higher value indicates better 

separation between groups and less dispersion within 
each group in the Calinski‒Harabasz algorithm, while a 
lower value in the Davies‒Bouldin algorithm indicates 
better separation between groups and greater cohesion 
within each group.

Second, the silhouette index, which computes the 
mean distance of each observation to the observations 
in its own group (cohesion) and the mean distance to the 
observations in the other groups (separation) [16], was 
also calculated. The silhouette index varies between − 1 
and 1, where a value close to 1 suggests that the observa-
tions within a group are very close to each other (cohe-
sion) and far from the observations of other groups 
(separation).

Cluster calculation and validation
To calculate the assignment of each patient to each of the 
vascular aging risk groups (K), two different unsuper-
vised clustering methodologies were computed. First, the 
K-means algorithm was implemented, which assigns each 
patient to the closest group or centroid, considering that 
centroids are representative points of each group in the 
multidimensional space and correspond to the mean of 
all points in that group [17]. This process was repeated up 
to a maximum of 100 times or until the relative changes 
in centroid positions were negligible. Second, hierarchi-
cal clustering was also used to assign subjects to each 
vascular aging risk group based on the four variables 
selected in the construct. Hierarchical clustering is an 
unsupervised approach that constructs a tree structure 
(dendrogram), where each level represents a partition of 
the data into different groups [18] (Additional file 1: Fig. 
S1). Finally, the concordance index was calculated as the 
ratio of the total number of subjects assigned to the same 
group by both methodologies.

Furthermore, to verify the similarity in the assignment 
of subjects to different groups with these two methodolo-
gies, the adjusted Rand index (ARI) was calculated [19]. 
The ARI is a measure of similarity between two partitions 
of a dataset and compares the agreement between group 
assignments in two different clustering methodologies. 
The ARI ranges from − 1 to 1, where a value of 1 indi-
cates a perfect match between group assignments, while 
a value of 0 indicates that the assignments match to the 
same extent by chance.

Dimension reduction
The multivariable approach to the construct proposed 
in this study makes it difficult to visually analyse the 
dispersion of observations and their respective group 
assignments. To address this issue, dimensionality reduc-
tion was performed using principal component analy-
sis (PCA) [20]. PCA allows the original variables to be 
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transformed into orthogonal components that preserve 
as much variance as possible. This enables visual explora-
tion and detection of patterns and trends through scat-
ter plots of the subjects, facilitating the assessment of 
group clarity and separation and providing insight into 
the importance of each variable in forming the principal 
components.

All abovementioned analyses were also performed by 
sex. Statistical analyses were performed using STATA 15 
and MATLAB 2022b.

Results
Characteristics of study participants
The EVasCu study sample included a total of 390 partici-
pants, of whom 246 (63.1%) were women. The mean age 
of the participants was 42.0 ± 13.1  years. Table  1 shows 
the baseline characteristics of the enrolled population.

EVA as an index of cardiovascular risk
Figure 1 shows the single-factor model proposed for the 
analysis of the factor structure of the EVA index. The 
EVA index model with the best goodness-of-fit was the 
model that included PP, HbA1c, PWv and AGEs  [Chi2 
(df ) = 4.26 (2), p = 0.119, CFI = 0.991, SRMR = 0.026]. The 

overall estimates of the factor loadings were 0.33, 0.44, 
0.93, and 0.59 for PP, HbA1c, PWv and AGEs, respec-
tively. Similar results were obtained when the single-fac-
tor models were estimated to compare goodness-of-fit by 
sex (Additional file 1: Figs. S2 and S3).

Optimal number of groups to be analysed
Table 2 shows the results obtained for the Davies‒Boul-
din (0.9078) and Calinski‒Harabasz (316.27) algorithms 
when different values of K were used. Both methods 
agree that the optimal value of vascular aging risk groups 
to separate the subjects is K = 2 (HVA and EVA). As can 
be observed from the silhouette index, K = 2 was also the 
best result obtained with this algorithm (0.5972).

Cluster analysis
The relationship between subject assignments to the two 
groups (HVA and EVA) using both clustering methods, 
K-means and hierarchical, is shown in Additional file 1: 
Table S2. The HVA of the K-means method is composed 
of 224 subjects who are also in the HVA of the hierarchi-
cal method, together with 15 additional subjects assigned 
to EVA. Furthermore, no subjects found in the HVA of 
the hierarchical method are assigned to the EVA of the 
K-means method, but 142 subjects are assigned to EVA 
of both methods. The concordance index was 0.961. 

Table 1 Characteristics of the EVasCu population included in 
this analysis

Values are presented in mean ± SD

AGEs advanced glycation end products, AIx augmentation index, BMI body mass 
index, CAVI cardio‑ankle vascular index, DBP diastolic blood pressure, HbA1c 
glycated hemoglobin A1c, IMT intima media thickness, PCR C‑reactive protein, 
PP pulse pressure, PWv pulse wave velocity, SBP systolic blood pressure

Variables Total
n = 390

Men
n = 144

Women
n = 246

Age (years) 42.0 ± 13.1 42.3 ± 12.5 41.8 ± 13.5

Current smokers (%) 12.3 9.8 13.8

BMI (kg/m2) 24.9 ± 4.3 25.7 ± 3.5 24.4 ± 4.5

Body fat (%) 27.2 ± 9.4 19.9 ± 6.9 31.5 ± 7.8

Waist circumference (cm) 82.7 ± 12.8 88.6 ± 11.4 79.1 ± 12.3

SBP (mmHg) 116.7 ± 15.2 125.1 ± 12.8 111.8 ± 14.4

DBP (mmHg) 70.4 ± 10.6 72.3 ± 10.3 69.2 ± 10.6

PP (mmHg) 46.3 ± 9.9 52.8 ± 8.7 42.5 ± 8.5

PCR (mg/L) 1.8 ± 4.1 1.5 ± 2.9 2.0 ± 4.6

Glucose (mg/dL) 89.4 ± 9.9 91.5 ± 9.8 88.2 ± 9.8

Insulin 8.5 ± 6.1 8.3 ± 5.4 8.7 ± 6.4

HbA1c (%) 5.2 ± 0.3 5.2 ± 0.4 5.2 ± 0.3

PWv (m/s) 6.3 ± 1.4 6.5 ± 1.3 6.2 ± 1.4

AIx75 (%) 16.7 ± 12.0 10.0 ± 10.1 20.7 ± 10.9

CAVI (m/s) 7.1 ± 1.2 7.2 ± 1.3 7.0 ± 1.1

Median‑IMT (mm) 0.2 ± 0.1 0.2 ± 0.1 0.2 ± 0.1

Maximum‑IMT (mm) 0.5 ± 0.1 0.5 ± 0.2 0.4 ± 0.1

AGEs (AU) 1.9 ± 0.4 1.9 ± 0.5 1.9 ± 0.4

Fig. 1 Factor loading and goodness‑of‑fit indexes of single‑factor 
models for EVA index

Table 2 Results for the optimal number of vascular aging risk 
groups

K = 2 K = 3 K = 4 K = 5

DaviesBoulding 0.9078 0.9646 0.9558 0.9372

Calinski–Harabasz 316.27 290.63 279.42 275.20

Silhouette index 0.5972 0.5342 0.5401 0.5039
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Similarly, the ARI was 0.8481, which confirms that there 
is good concordance between the group assignments 
made by the two clustering methods and indicates that 
the identified groups are quite robust and consistent 
across different clustering approaches.

Furthermore, the same K-means clustering analysis 
was performed for K = 2 (HVA and EVA), considering sex 
stratification. No significant differences were found in the 
groupings, obtaining visually homologous separations 
between strata. In this regard, the silhouette index and 
the mean distance of all the observations to their respec-
tive centroids for both strata were calculated, obtain-
ing very similar results, as shown in Additional file  1: 
Table S3.

Visual representation of clusters
After PCA was applied to the EVA index model variables 
(PP, HbA1c, PWv and AGEs), four principal compo-
nents were obtained, explaining 48.5%, 24%, 17.2%, and 
10.3% of the total variance, respectively. While the sum 
of the first two components explained only 72.5% of the 
total variance, including a third component increased 
this percentage to 89.7%. Figure  2 shows the disper-
sion of the subjects in a three-dimensional space and 
their assignment in the two groups (HVA and EVA) for 
both K-means and hierarchical clustering methods. The 

assignment models obtained by both methodologies 
are very similar. This result reflects that both cluster-
ing methods have identified similar patterns in the data, 
which may indicate that the resulting clustering is con-
sistent and represents the underlying structure of the 
data. When this analysis was conducted by sex, similar 
results were found (Additional file 1: Figs. S4 and S5).

Finally, Fig. 3 shows the contribution of each variable of 
the EVA index model (PP, HbA1c, PWv and AGEs) to the 
formation of the first three principal components. Addi-
tional file 1: Figs. S6 and S7 show the contribution of each 
EVA model variable by sex.

Discussion
Currently, knowing which parameters are associated 
with the EVA index can help assess an individual’s risk of 
developing the condition. This may be useful in develop-
ing preventive strategies for those at increased risk. In 
addition, differentiating individuals with HVA from those 
with EVA can be challenging, as the transition from a 
healthy state to vascular aging is a gradual process and 
can be influenced by several factors, such as age, lifestyle, 
genetics and comorbidities. Our data, using confirmatory 
factor analysis, show that a single-factor model includ-
ing PP, PWv, HbA1c and AGEs shows the best construct 
validity for the EVA index. Furthermore, our findings 

Fig. 2 Visual representation of the assignment in the two groups (HVA and EVA) in a three‑dimensional space using K‑means and hierarchical 
clustering methods
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show that the combination of these four parameters 
allows the creation of a cohesive and robust clustering 
model that could be used to classify new cases of HVA 
and EVA.

Overall, the identification of relevant parameters asso-
ciated with the EVA index is crucial for early detection, 
risk assessment, treatment monitoring and research. We 
found that the factors that best collectively explain the 
EVA index in this study, which includes a theoretically 
healthy population without a clinical diagnosis of any 
disease, are PP, PWv, HbA1c, and AGEs. However, it is 
important to note that these parameters should not be 
considered in isolation, and a comprehensive assessment 
of an individual’s clinical and medical history should also 
be considered when making a diagnosis of the EVA index.

Commonly higher PP, PWv, HbA1c and AGEs have 
been independently associated with an increased EVA 
index, and all these parameters are strong predictors of 
CVD and mortality [21, 22], in the case of HbA1c even in 
the nondiabetic population [23]. The pathophysiological 

mechanisms by which each of these parameters is asso-
ciated with the EVA index are as follows: (1) as arter-
ies stiffen, they lose their ability to buffer the pressure 
changes generated by the heartbeat, leading to an 
increase in PP [24]; (2) with vascular aging, there is a 
gradual accumulation of structural changes in the arte-
rial wall, including an increase in collagen content and 
cross-linking, a decrease in elastin content, and the 
development of vascular calcification. These changes lead 
to a loss of arterial elasticity and compliance, making the 
arterial walls stiffer and less able to respond to changes 
in blood pressure [25]; (3) elevated blood glucose levels 
can lead to damage to the blood vessels, including the 
thickening of the arterial walls, decreased elasticity of 
the blood vessels, and increased risk of plaque formation 
[26]; and (4) SAF is a noninvasive technique that meas-
ures the accumulation of AGEs in the skin [27]. AGEs can 
activate inflammatory pathways in the endothelial cells 
that line the inner walls of blood vessels, leading to the 
recruitment of immune cells and further inflammation, 

Fig. 3 Contribution of each variable of the EVA index model to each principal component
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oxidative stress, and damage to the blood vessel walls 
[28].

Correctly classifying HVA and EVA is crucial for sev-
eral reasons: to help with early detection and interven-
tion, which can prevent or delay the onset of CVD [29]; to 
ensure that individuals receive the appropriate treatment 
based on their vascular condition, which can improve 
treatment outcomes; and to help in assessing their risk of 
developing CVD. This information can be useful in devel-
oping preventive strategies and lifestyle modifications to 
reduce their risk and can also be useful in public health 
efforts to reduce the burden of CVD, providing insights 
into the risk factors and mechanisms of the disease [1]. 
Finally, studying the underlying mechanisms of early vas-
cular aging can help in the development of new therapies 
and interventions [30].

Our results should be interpreted with caution, as they 
come from a cross-sectional study and, therefore, do not 
establish a temporal relationship between the param-
eters included and the EVA index [31]. Furthermore, the 
EVA index has been calculated using a Spanish-specific 
population, and unless the sociodemographic character-
istics and cardiovascular risk profile are similar to those 
of our study population, they cannot be compared with 
other EVA indices used to date [32]. In this study, we 
included only some parameters associated with the EVA 
index. Recent studies have expanded the EVA concept 
to include other endothelial functions [33], such as low 
mediated dilatation, IMT and inflammatory marker vari-
ables (e.g., CRP and interleukin-6) [34]. Future studies 
should investigate the influence of these elements on the 
factorial structure of the EVA index.

Conclusions
Our findings confirm that a single-factor model under-
lies the EVA index and support that this index accurately 
classifies HVA and EVA individuals. Overall, EVA index 
assessment and classification can be useful for clinicians 
in identifying individuals at risk of developing CVD at an 
early stage, assessing their risk, and tailoring treatment 
strategies. Furthermore, the EVA index can provide valu-
able insights into the underlying mechanisms of CVD 
and help identify new biomarkers, targeted treatments, 
and personalized medicine strategies. This can advance 
research efforts in the field and ultimately lead to better 
patient outcomes.
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