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Abstract

Background The study aimed to investigate early immunological and molecular changes in a homogeneous group
of healthy older individuals, initially screened to categorize them into groups with or without subclinical carotid artery
plaque. Subsequently, immunological and molecular signatures, vascular health parameters, and lifestyle factors

were assessed, and a comprehensive bioinformatics analysis was conducted to identify biomarkers for predicting
subclinical atherosclerosis.

Methods The present study was performed in 79 healthy participants (male: n=50; age=63.6+ 3.7 years; body mass
index=24.9+3.1 kg/m? mean +SD). Participants were categorized according to subclinical atherosclerotic plaque
(SAP) status by ultrasound of the carotids. This was followed by a comprehensive analysis using T-cell phenotyping,
serum protein signature and gene expression analysis, vascular assessment, analysis of physical activity and capacity
as well as food intake.

Results Percentage of CD4*-naive T-cells are the variable with the strongest negative association with the plaque
group. Among the top 10 variables, CD4~CD8™ lymphocytes are also negatively associated with SAP. In contrast, CD8*
CM T-cells were found positively associated with SAP. LaminB1, tumor protein 53 and systolic blood pressure, central
systolic blood pressure, vascular age, osteopontin, and CD4* CM T-cells were also positively associated with SAP.

Conclusion Despite a rather homogeneous cohort of elderly participants with high cardiorespiratory fitness, we
have associated various cellular and molecular signatures with the presence of SAP. Significant associations with
SAP were shown by known markers of immunosenescence. These results underline the relevance of immunological
biomarkers in the detection of subclinical atherosclerosis.
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Introduction

Vascular aging represents a significant risk factor for the
development of cardiovascular disease (CVD) [1, 2]. As
arteries undergo structural and functional changes with
age, the risk of developing endothelial dysfunction and
atherosclerosis increases [3]. The early stages of athero-
sclerosis often remain undetected due to the absence of
clinically relevant symptoms [4]. However, subclinical
organ damage may already be present during this asymp-
tomatic phase [5]. Understanding these early changes
in subclinical atherosclerosis development is critical for
improving early detection and designing more accessible
diagnostic tools. By utilizing vascular ultrasound, it is
possible to identify patients at an increased risk of car-
diovascular disease; however, this is not routinely done
at a stage prior to symptom onset. Therefore, there is an
ongoing need for research into other biomarkers that
assess the presence of subclinical atherosclerosis. This
would help to identify those affected at an early stage
and initiate preventive measures. It is precisely at this
point that lifestyle-based recommendations could protect
those who are still largely healthy and not restricted from
further nagging dynamics of the disease [6]. The develop-
ment of atherosclerosis is marked by both local and sys-
temic inflammatory processes, even in its early stages [7,
8]. Early immunological processes could enhance insights
into preventive measures. Simultaneously, immunologi-
cal markers could serve as early indicators for the sub-
clinical progression of atherosclerosis. Experimental
research has clarified the molecular and cellular pathways
involved in inflammation that contribute to the develop-
ment of atherosclerosis. Cytokines such as IL-1p, IL- 6,
IL-8, IL-18 and TNF-a represent inflammatory messen-
gers which can influence arterial biology, creating a sys-
temic environment that favors atherothrombotic events.
Inflammation itself can drives arterial hyperplasia, and
governs aspects of plaque biology even in the absence of
traditional risk factors [9—12]. T-cells play a crucial role
in the chronic inflammatory processes underlying sub-
clinical atherosclerosis, making them key mediators in
disease progression. Their specific subsets provide pre-
cise insights into the adaptive immune responses that
drive early atherosclerotic changes. Subtypes of pro-
inflammatory CD4* T-cells are known to play a cru-
cial role in this process [13]. In particular, cells with an
effector memory function seem to be directly involved
in the atherosclerotic plaque development, as they are
associated with antigens of cholesterol-rich lipoproteins
[14, 15]. In addition to the pro-atherogenic properties of
differentiated CD4* T-cells, CD8" cells have also been
shown in the atherosclerotic process [16]. The involve-
ment of several serum proteins, such as growth differ-
entiation factor 15 (GDF-15) or osteopontin (OPN) in
atherogenesis is intensively discussed [17-19]. To date,
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no studies have thoroughly investigated early molecular
and immunological changes associated with subclinical
atherosclerosis in healthy older adults, highlighting a gap
in the research. Therefore, this study aimed to explore
these early molecular, particularly immunological,
changes in a homogeneous group of healthy older adults,
with the goal of identifying biomarkers that may be asso-
ciated with the development of subclinical atherosclero-
sis. To this, participants underwent initial carotid artery
ultrasound screening, which allowed for their classifica-
tion into two groups: those with subclinical atheroscle-
rotic plaques (SAP) and those without. Subsequently, we
analyzed blood-based immunological markers alongside
assessments of vascular health and lifestyle factors. Data
from these diverse biological domains were integrated
using comprehensive bioinformatics approaches to iden-
tify key biomarkers predictive of subclinical atherosclero-
sis, ultimately contributing to the improvement of early
detection and prevention strategies.

Methods

Study design and participants

The present study was designed as a cross-sectional
case-control study. In total 79 participants (male: n = 50,
female: n = 29; age: 63.6 + 3.7; BMI: 24.9 + 3.1 kg/m?) were
included as part of the Giessen Immune Aging Study. All
participants were healthy and free of any acute or chronic
diseases including infections, injury and taking no medi-
cation. For a detailed description of the cohort and full
list of inclusion and exclusion criteria please see Bottrich
et al. [20]. Anthropometric measurements, immunologi-
cal assessments, and cardiorespiratory fitness tests were
conducted at the Department of Exercise Physiology and
Sports Therapy, Justus-Liebig-University of Gieflen. Vas-
cular screenings were performed at the University Hos-
pital GiefSen and Marburg, located in Gieflen. Based on
the ultrasound examination of the carotid intima, par-
ticipants were classified into two groups: those with and
those without subclinical atherosclerotic plaque (SAP).
The methodological workflow of the study is presented
in Fig. 1. An overview of the anthropometric data and
key clinical parameters, categorized by group, is pro-
vided in Table 1. The medical ethics committee of the
Justus-Liebig-University Giessen approved this study (AZ
100/20). All experimental procedures were performed
according to the Declaration of Helsinki and all partici-
pants gave written informed consent before enrolment.
Clinical trial number: not applicable.

Baseline characteristics

Venous fasting blood samples were collected from each
participant between 08:00 and 10:00 for further analysis.
These samples were used to to obtain standard labora-
tory parameters, isolate peripheral blood mononuclear
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Fig. 1 This figure illustrates the methodological workflow of the study, starting from the collection of demographic parameters of the participants. It
proceeds through the examination and data collection phase, detailing the methods used for assessment, and concludes with the statistical analysis
conducted to evaluate the results. The workflow provides a comprehensive overview of the steps taken to investigate the association between various

factors and subclinical atherosclerotic plaque

Table 1 Characteristics of participants categorized according to
atherosclerotic plaque status

Characteristics No subclinical ~ Subclinical  p-
atherosclerotic  atheroscle- value
plaque rotic plaque
(n=49) (n=29)

Age (years) 629435 64.8+3.6 0.039

Male n (%) 30(61.2) 20 (69.0) 0.626

BMI (kg/m?) 250+30 248+32 0.747

Body fat (%) 279+6.6 260+6.3 0.230

VO,peak (ml/kg/min) 299473 306+7.3 0.690

Laboratory parameters

Fasting glucose (mg/dl) 98.7+80 99.9+94 0.556

Fasting insulin (mU/1) 62425 6.0+2.7 0.895

HOMA-IR 1.5+0.7 15+0.7 0.853

Total cholesterol (mg/dl) 220.7+343 2109+309 0217

Triglycerides (mg/dl) 113.3+88.0 88.8+36.1 0.264

HDL-Cholesterol (mg/dl) 619+155 6174138 0.960

LDL-Cholesterol (mg/dl) 1482+33.7 1445+357 0.666

Cardiovascular assessment

Peripheral systolic BP 1258+10.9 1338+147 001

(mmHg)

Peripheral diastolic BP 744+103 770498 0.281

(mmHg)
All results presented as mean+SD, % or n. p-value denotes differences in
characteristics between participants with and without SAP

AbbreviationsBMIbody mass index, BPblood pressure, HDLhigh-density
lipoprotein, HOMA-IRHomeostatic Model Assessment for Insulin Resistance,
LDLlow-density lipoprotein

cells (PBMCs), and collect serum for protein signature
analysis. Fasting concentrations of glucose and insulin,
as well as total cholesterol, LDL, high-density lipoprotein
(HDL), triglycerides, and cortisol levels were determined
in the serum using standard clinical laboratory methods
by SYNLAB Medical Care Center (Bad Nauheim, Ger-
many). Body fat percentage (%) and visceral adipose tis-
sue (VAT%) were assessed using bioelectric impedance

analysis (BIA) with the BIACORPUS RX 4004 M and
BodyComposition — Professional Version: 9.0.20413 soft-
ware by MEDI CAL HealthCare GmbH. To assess lung
function, the following parameters were measured using
a Vitalograph® alpha Model 6000 (Vitalograph GmbH,
Germany): forced vital capacity (FVC), forced expiratory
volume in one second (FEV1), and FEVI:FVC ratio. All
measurements were performed according the guidelines
set by the American Thoracic Society/European Respira-
tory Society [21].

Carotid sonography, non-invasive assessment of
peripheral and central blood pressure and pulse pressure
waveforms

Carotid sonography was performed using a Philips cx50
device (Philips, Eindhoven, the Netherlands) equipped
with a linear transducer operating at a frequency range
of 3—-12 megahertz (MHz). Carotid arteries were exam-
ined bilaterally in a cross-sectional B-mode, starting
from the exit of the subclavian artery up to the bifurca-
tion into the internal and external carotid arteries. The
purpose was to identify the presence or absence of sub-
clinical atherosclerotic plaques (SAP). Multiple images
of both the left and right common carotid arteries were
obtained. A semi-automated edge-detection software
was utilized to measure the intima-media thickness
(IMT) over the distal wall of a common carotid artery
segment that lies within 1-1.5 cm of the carotid bifurca-
tion in the longitudinal view. The detection box analyzed
a 10 mm length and was placed over the far wall of the
common carotid artery segment located within 1-1.5
cm of the carotid bulb. Intima-media edges were deter-
mined, and IMT during end-diastole was calculated and
expressed in millimeters. Plaques were defined as IMT >
1.5 mm. Three frames on each side were analyzed offline
by a single-blinded reader, and the mean values of all six
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IMT measurements for each patient were recorded and
used for analysis. To acquire pulse pressure waveforms
through oscillometry, we employed the non-invasive vas-
cassist2® device (isymed GmbH, Butzbach, Germany).
The acquired pulse pressure waveforms were then ana-
lyzed using a validated electronic model of the arterial
tree to assess vascular functional parameters. Parameters
such as brachial and radial systolic (SBP) and diastolic
(DBP) blood pressure, central systolic and diastolic blood
pressure (cSBP/cDBP), aortic pulse wave velocity (PWV),
augmentation index (Aix), augmentation index at a heart
rate of 75 bpm (Aix@75), resistance index (R), total vas-
cular resistance, and ejection duration were calculated.
Central blood pressure was determined using a validated
transfer function based on the peripheral arterial wave-
form, while the calculation of Aix@75 relied on the pulse
waveform analysis. A detailed description of the method
can be found in Grofler et al. [22].

Isolation of peripheral blood mononuclear cells

To isolate peripheral blood mononuclear cells (PBMCs),
fresh peripheral blood was diluted 1:1 with PBS (phos-
phate-buffered saline) and layered onto EasySept using
SepMate 50 mL tubes. After centrifugation at 1200xg for
10 min, the upper layer was carefully poured off. The iso-
lated cells were then washed and centrifuged for 8 min
at 300xg. Subsequently, the PBMCs were frozen down
by resuspending them in freezing medium called Bam-
banker’. The frozen cells were stored at —-80 °C for future
analysis.

T-cell phenotyping by flow cytometry

PBMCs were thawed, washed and rested in pre-warmed
RPMI/5% AB serum for 2 h. The amount of cells was
divided in two samples according to the different panels
used. For Panel 1 (IL17-Panel) the resting time was fol-
lowed by restimulation with PMA (50 ng ml™)/Ionomy-
cin (1 pug ml™!) for 14 h and with addition of brefeldin
A (5 pg ml™) after two h. The staining for the second
panel (Immuneaging-panel) was performed directly
after resting time. For the IL-17 panel: Zombie NIR fix-
able viability kit (live/dead marker), CD4 (APC), CD8
(BV510), CD161 (BV421), TCRVa7.2 (PerCP) all from
Biolegend, TCRy& (PE/Cy7 BD). For the Immune-aging
Panel: Zombie NIR fixable viability kit, CD4 (AF700),
CD8 (BV510), CD27(PE), CD28(BV421), CCR7(PE/Cy7),
CD45RA(PerCP), CD95(FITC), PD1(APC), all from
Biolegend. For intracellular cytokine staining accord-
ing to the IL17-Panel the cells were fixed with 2% para-
formaldehyde followed by staining with IL-17 (PE), IL-2
(PETxRed), IFN-y, CD4 (APC), CD8 (BV510). The sam-
ples were analyzed with the FACS Aria III using Diva
software. In the I117-panel gated CD4" and CD8" T-cells
as well as Va7.2°CD161" and T-cell-receptor (TCR)
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y&" cells were analyzed for IL-17. For the Immune-
aging Panel CD4" and CD8"* T-cells were gated after
determine live cells (Zombie NIR fixable viability kit)
for CCR7-CD45RA to analyze the abundance of naive
T-cells (CD45RA*CCR7*), effector memory (EM)
T-cells (CD45RACCR7"), central memory (CM) T-cells
(CD45RA™CCR7") and effector memory cells re-express-
ing CD45RA T-cells (TEMRA) (CD45RA*CCR7").
Stem cell memory (SCM) T-cells were gated using
CD27-CD95°CD28*.

Serum protein signatures and cytomegalovirus (CMV)
serostatus

Serum were stored at -80 °C until analysis. Proteins
were determined using a human Magnetic Luminex
Assay (Bio-Techne, Abingdon, Oxon, UK) and a Mag-
pix Luminex instrument (Luminex Corp, Austin, TX,
USA) according to manufacturer’s instructions. In Total,
38 different proteins of inflammation or atherogenesis
were determined for protein signature analysis. The list
of full proteins as well as their assay ranges are presented
in Supplementary Material table S1. Serum anti-CMV
immunoglobulin G (IgG) antibodies were detected using
a semiquantitative sandwich enzyme-linked immunosor-
bent assay (ELISA-Viditest anti-CMYV IgG, VIDIA, Czech
Republic). The procedure followed the manufacturer’s
instructions. End-point optical density was measured
by ELISA reader SPECTROstar ° Nano (BMG Labtech,
Germany).

RNA extraction and qPCR analysis

The isolated PBMC were used for total RNA extraction
using TRIzol reagent (Invitrogen, Karlsruhe, Germany)
according to the manufacturer’s protocol. Subsequently,
total RNA was analyzed for quantity (RNA concentra-
tion) and quality (A260/A280 ratio) using an Infinite
200 M microplate reader equipped with a NanoQuant
plate (both from Tecan, Mainz, Germany). The cDNA
was synthesized as previously described [23]. The qPCR
analysis was performed with a Rotor-Gene Q system
(Qiagen, Hilden, Germany) using gene-specific primer
pairs (Eurofins MWG Operon, Ebersberg, Germany)
as recently described [24]. The properties of primers
are presented in Supplementary Material table S2. The
qPCR data were normalized using the three most stable
(CANX, MDH1, SDHA) out of several potential reference
genes tested according to Vandesompele et al. 2002 [25].

Measurements of CRF, muscle strength, physical activity
and nutritional intakes

The cardiopulmonary exercise testing was conducted
using a cycle ergometer (Excalibur Sport®, Lode) and
involved two ramp protocols. Initially, a 3-minute warm-
up period without resistance was performed. The specific
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ramp protocol was selected based on each participant’s
training or fitness level, with the objective of reaching
maximum load within 15 min. The detailed exercise pro-
tocol is described in Béttrich et al. [20]. Maximum vol-
untary grip strength of the dominant hand was measured
using a hand grip dynamometer (Baseline® Hydraulic
Hand Dynamometer LiTE’, Fabrication Enterprises Inc.,
US). Participants were instructed to keep their arms by
their side during the assessment. Verbal encouragement
was provided to motivate the participants to exert their
maximum effort. Four maximal contractions were per-
formed, and the highest recorded grip strength value
was used for subsequent analysis. To measure daily step
count, participants wore a Fitbit charge 2 (FC2) at the
right wrist for a period of 7 days. The FC2 measured step
count, floors, distance, active minutes, and sleep. The
FC2 records physical activity through body motion using
a microelectronic triaxial accelerometer [26]. All FC2
devices were initialized using the Fitbit online user inter-
face, and data from the devices were extracted using the
Fitbase software. It was not worn during sleeping, bath-
ing/showering or swimming. Participants were instructed
to maintain their daily routine for the next 7 days while
wearing the FC2. At the end of the 7-days period the daily
steps were summed and then divided by the number of
days to calculate the average daily step count. Additional,
count of floors and distance were measured in the same
way. Nutritional behavior was measured by the food fre-
quency questionnaire (FFQ). The FFQ includes questions
about the frequency and the amount of 53 food items,
consumed during the past four weeks. The questionnaire
was sent to the participants by mail with the request to
complete the questionnaire at home and to return it. Fre-
quency of consumption of food items was asked accord-
ing to specified categories.

Data analysis

The dataset was initially assessed for missing data pat-
terns and deviations from linearity. Missing data impu-
tation was conducted under the assumption of missing
at random (MAR). Univariate and multivariate imputa-
tion techniques were applied to effectively handle miss-
ing data. For each imputation method, logistic regression
was conducted using Scikit-Learn’s Logistic Regression()
classifier [27]. The imputed version of a specific column
was treated as the predictor, while the column represent-
ing the target variable “SAP” was used for classification.
The best imputation method for each column was deter-
mined by comparing the AUC (Area Under the Curve)
values obtained for each method. The method that
yielded the highest AUC was selected as the most suit-
able for imputing that specific column. Specifically, mean
and median imputation via Scikit-Learn’s SimpleIm-
puter (version 1.3.0) [27] were utilized for univariate

Page 5 of 12

methods. Multivariate approaches comprised k-NN
imputation using Scikit-Learn’s, KNeighborsRegressor(),
multivariate regression imputation in Python, stochas-
tic regression in SPSS [28], and the miceforest package
in Python [29], which implemented Multiple Imputa-
tion by Chained Equations (MICE) with LightGBM. The
miceforest imputation involved 10 iterations, resulting
in 10 datasets, from which the first was extracted for
analysis. Supplementary MICE algorithm derived impu-
tation methods employed Iterativelmputer with two dif-
ferent estimators: one using a RandomForest estimator
and the other utilizing a BayesianRidge estimator, both
implemented from Scikit-Learn [27]. 3 Upon data inspec-
tion, significant outliers were identified in the dataset,
with some emerging after imputation. Therefore, an out-
lier treatment strategy was implemented. This involved
generating random values within specified lower and
upper bounds from a uniform distribution and replac-
ing the detected outliers with these randomly generated
values. Statistical tests were performed to evaluate the
distribution of the data and determine significant asso-
ciations between variables and SAP formation. For non-
normally distributed variables, the Kruskal-Wallis test
was employed, while for normally distributed variables,
ANOVA was used. Post hoc tests, such as Dunn’s test
and the Tukey test, were applied where relevant to iden-
tify statistically significant differences. Additionally, the
significance of these variables in relation to SAP devel-
opment was assessed using a univariate logistic regres-
sion model. Given that the majority of variables did not
conform to a normal distribution, two types of logarith-
mic transformations were performed: log(x + 0.00001)
and log(aX + c), where ‘c’ denoted the dataset’s smallest
positive value, and ‘@’ was determined as the reciprocal
of ‘¢’ (a = 1/C). This required a prior offset-based trans-
formation of negative values present in the dataset. Fol-
lowing data preprocessing, a multivariate analysis was
conducted to identify potential biomarkers and effec-
tively classify the dataset. Given the binary response vari-
able and high variable correlations, Partial Least Squares
Discriminant Analysis (PLS-DA) was employed using
the R package mixOmics. To optimize the model, sparse
PLS-DA (sPLS-DA) with varying components was used,
and its performance was evaluated through a 10-fold
cross-validation approach with 100 repetitions, utilizing
BER and AUC as performance metrics (Supplementary
Material figure S1). sPLS-DA is a method used to iden-
tify key variables that differentiate between predefined
groups by reducing data dimensionality and selecting the
most relevant features while maintaining interpretability.
The optimal number of components was determined by
evaluating three distinct distance measures: maximum
distance, Mahalanobis distance, and centroids distance.
Samples were projected into a lower-dimensional space,
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defined by components 1 and 2, to distinguish variables
positively and negatively correlated with SAP formation
and identify significant features through variable loading
plots. Negative loadings in the first component indicated
higher contributions to the “no SAP” class, while positive
loadings suggested stronger contributions to the “SAP”
class. The best and final model, characterized by the low-
est BER and a log(aX + c) transformation, retained 147
predictor variables. This selective process resulted in the
inclusion of just eight food-specific/nutritional param-
eters. Subsequently, we constructed a relevance network
(sPLS-DA Relevance Network Analysis) to visualize and
interpret the correlations and interactions between the
10 most important selected variables helping to reveal
key interactions and potential biological mechanisms.

Results

The study cohort consisted of 79 participants, with 148
out of 198 predictor variables included in the analysis,
representing all measured parameters described in the
methods, along with a binary response variable (subclini-
cal atherosclerotic plaque “yes” or “no”). Among the 79
participants, 29 were identified as having subclinical ath-
erosclerotic plaque (SAP) based on carotid ultrasound. In
28 cases, plaque was present in a single carotid segment,
while one participant showed plaques in two segments.
Most plaques were located in the carotid bulb or proxi-
mal internal carotid artery. Approximately 3.8% of the
total dataset consisted of missing data. The supervised
Partial Least Squares Discriminant Analysis (PLS-DA)
indicated that the error rate reached its minimum with
two components, as determined by the maximum dis-
tance method (Fig. 2a). A significant separation between
participants with and without SAP was observed by plot-
ting principal component (PC)-2 against PC-1, showing
minimal overlap between the two classes (Fig. 2b). The
optimal number of variables chosen for components 1
and 2 was 140, with the lowest balanced error rate being
35% (Fig. 2c). Sparse PLS-DA (sPLS-DA) was applied,
and the variables were ranked according to their discrim-
inating power, as shown for Component 1 (Fig. 3a) and
Component 2 (Supplementary Material figure S2a and b).
The sPLS-DA was used to identify the variables that con-
tribute most to distinguishing between the groups with
and without SAP. This method reduces the data set by
highlighting only the most relevant biomarkers. Due to
the large amount of data, only the most important results
of the sPLS-DA for the respective variable categories are
presented below. A relevance network analysis accom-
panied the sPLS-DA to highlight the 10 most important
parameters and illustrate biological relationships within
the complex dataset.
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Cellular signatures

sPLS-DA identified CD4"* naive T-cells as the variable
with the strongest association on Compl across the
entire model. CD4* naive T-cells are negatively associ-
ated with SAP (loading weight: -0.220). Ranked 5th,
CD8" CM T-cells are positively associated with SAP
(0.174). Among the top 10 variables, CD4"CD8~ double
negative (DN) lymphocytes are also negatively associ-
ated with SAP (-0.161) (Fig. 3b). Additionally, within
the top 30, CD4*CM (0.121) and CDS8 naive (-0.117) are
observed, while among the top 50, CD8" EM (0.083) is
notable.

Serum protein signatures

Several protein signatures are found among the top 20
on Compl (Fig. 3b). The protein signatures exhibiting
the strongest associations are OPN (0.163) and IL-18
(0.163), both of which are among the top 10 variables.
Both are positively associated with SAP. Additionally,
among the top 20 are MMP-12 (-0.152), OPG/TRAIL
Ratio (-0.145), Tenascin C (-0.133), Trail (0.127), as well
as IFN-y (0.129), detected after stimulation of y8* cells.
Within the top 50, cytokines such as ILIRA (-0.082),
IL-6 (-0.093), and IL-15 (-0.094) are present, alongside
other proteins like galectin (-0.102) or FGF23 (-0.098).

Gene expression signatures

Among the top 10 variables on Compl, two gene signa-
tures are negatively associate with SAP. These are Lamin
B1 (LMBNI) (-0.171) and PRKAAI (~0.163). SERPINI
(-0.149) is among the top 20 (Fig. 3b), and within the
top 30 are FOX0O3 (-0.113), tumor protein 53 (7P53)
(-0.110), and TNFSFI10 (-0.105) all negatively associated
with SAP.

Vascular assessment

sPLS-DA particularly highlighted three predictors
strongly associated with SAP, found among the top
5 variables. These include SBP (0.207), vascular Age
(0.189), and cSBP (0.178), all positively associated with
SAP (Fig. 3b). Among the top 40, parameters of diastolic
blood pressure DBP (0.096) and cDBP (0.092) are also
positively associated with SAP.

Anthropometrics, physical capacity, activity, and
nutritional intakes

Age (0.158) is identified among the top 20 as a positive
predictor, while visceral abdominal fat % (-0.122) is a
negative predictor for SAP. Among the dietary variables,
cooked fruits (0.160) were identified as a positive predic-
tor for SAP within the top 20. Within the top 20 vari-
ables among of physical capacity, the pulmonary function
parameter FEV1/FCV (-0.148) is observed (Fib. 2b).
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Fig. 2 a PLS-DA Sample Plot with Maximum Distance-Based Prediction Background. This plot illustrates the influence of prediction distance on predic-
tion quality where, from the standard sample plot, a background prediction area is overlaid. This area is constructed utilizing permutations of the first two
PLS-DA components, with maximum distance serving as the prediction metric. The plot illustrates that the majority of samples are accurately positioned
within the correct region when the maximum distance metric is applied. However, it also reveals a few samples that are projected into the wrong class
areas, leading to potential misclassification. Specifically, two “subclinical atherosclerotic plague (SAP)” samples and one “no SAP” sample are misclassified
across both classes. b PLS-DA sample plot with 95% confidence ellipses of the two different class labels “SAP”and “no SAP”. All samples are projected into
the space defined by the first two components. Colored dots represent these samples, with their colors indicating the presence or absence of SAP. The
plot effectively demonstrates a clear separation based on SAP status, showing minimal overlap between the two classes. However, it is important to inter-
pret this separation with caution due to the relatively high error rate present in the study, which suggests potential misclassifications and variability. The
discrimination between the two classes is attributed to a combination of both components. The discrimination between the two classes is attributed to a
combination of both components. ¢ Tuning keepX in Sparse PLS-DA (sPLS-DA) for for Discriminant Predictor Variable Identification. Within the plot, each
colored line corresponds to the balanced error rate (y-axis) associated with individual components, covering all tested keepX values (x-axis). The standard
deviation is calculated from repeated cross- validation folds. The diamond marker points to the ideal keepX value for a specific component, which yields
the lowest classification error rate, as determined by a one-sided t-test. For components 1 and 2, the ideal number of chosen variables is 140. The optimal
number of components is 2, as indicated by the lowest balanced error rate, which is 35%

VO,peak is ranked on 135 with 0.007. Among the top 50
are FB2 distance (-0.095) and FB2 floors (-0.084).

Network analysis identifies most important predictor
variables

While sPLS-DA helps identify the key predictors that
separate groups, the Relevance Network Analysis pro-
vides a visual and intuitive representation of the inter-
actions between these predictors. sPLS-DA relevance
Network analysis revealed the 10 most important predic-
tive variables are shown in Fig. 4. Those are the 10 highest
correlated predictor variables with each-other and with
SAP and should therefore highlight clinical relevance.
The presence of strong correlations in this network indi-
cates that each feature exhibits a positive association with
one of the two classes and a negative association with the

other. Specifically, variables CD4 naive T-cells (r: —-0.36),
LMBNI (r: -0.28), TP53 (r: —0.27), and CD4-CD8" DN
lymphocytes (-0.26) are negatively correlated with the
“SAP” class, suggesting that as their values increase, the
likelihood of SAP occurrence decreases. Conversely, SBP
(r: 0.38), ¢SBP (r: 0.31), vascular age (r: 0.35), OPN (r:
0.26), CD8* (r: 0.29) and CD4* CM (r: 0.26) T-cells are
positively correlated with the “SAP” class.

Discussion

The final models of comprehensive bioinformatics analy-
sis showed that molecular signatures strongly associated
with signs of immune aging and systemic inflammation
are associated with the presence of SAP. This was true for
T cell subpopulations, the quantity of various cytokines
and the gene expression profiles of PBMCs. In addition,
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o

Loading Weight

Fig. 3 a Loading plot of predictor variables selected by sPLS-DA on Component 1. The figure displays predictor variables with their loading weights in
a bar plot, arranged from the most significant at the bottom to the least influential at the top. The importance of each variable is visually represented
by the length of its corresponding bar. Color coding within the plot corresponds to the class (“subclinical atherosclerotic plaque (SAP)"or “no SAP”) with
the highest mean value for each predictor variable. This plot highlights the ability of Component 1 to effectively distinguish between “no SAP”and “SAP”
samples. Negative loading weights indicate contributions higher in the “no SAP” class, whereas positive values indicate stronger contributions in the “SAP”
class. For reasons of presentation, only every second variable name is written out in full. b Display of the first 20 variables on Comp 1 in detail

there was a strong correlation between vascular function
parameters and SAP. Lifestyle factors, such as measures
of physical activity, ranked lower in predicting the pres-
ence of SAP in this cohort of participants, suggesting
their indirect effect.

The results demonstrate that CD4* naive T-cells are
most strongly negatively associated with early SAP in the
statistical model. This finding is consistent with previous
studies. Gaddis et al. [30] showed that CD4" naive T-cells
were elevated in individuals with low CVD risk compared
to those with high CVD risk. Olson et al. [31] similarly
found a negative correlation of circulating CD4* naive
T-cells with subclinical atherosclerosis. However, most
study cohorts in which naive T-cells were associated with
arteriosclerotic plaques did not come from study popula-
tions as homogeneous as ours. An expanded naive T-cell
pool could signify increased anti-inflammatory capac-
ity, as naive CD4" T-cells have the potential to differen-
tiate into other subtypes, such as immune regulating
T,cg» demonstrated in prior studies [13, 20]. Consistent
with this, CD4" CM T-cells were found positively asso-
ciated with SAP. In contrast to our study, Ammirati et
al., observed that within a free-living population, there
existed a strong correlation between CD4* EM T-cells
and aortic intima media thickness in comparison to CD4*
naive or CM T-cells among patients diagnosed with
chronic stable angina or acute myocardial infarction [14].
Using single-cell T-cell receptor sequencing of human

carotid plaques and PBMCs, they found the strongest
clonal expansion within the effector CD4 + T-cell popu-
lation [32]. The current state of research suggests a link
between CD4* EM and atherosclerotic plaques compared
to CD4" CM T-cells. Nevertheless, it is important to note
that the participants examined in these studies predomi-
nantly had clinically relevant atherosclerosis. Consider-
ing that CD4* EM T-cells are progressively detected in
peripheral tissues, including plaques, where they induce
a strong pro-inflammatory response, this observation
may indicate their increased presence in the blood at an
advanced stage of disease. The positive association of
CD4" CM T-cells with the SAP group in our study could
indicate a potential chronic immunological activation
related to an inflammatory milieu or antigen exposure
in the context of early atherosclerosis. However, it must
be emphasized that the antigen specificity of CD4" CM
T-cells in our study remains unknown. Little is known
about the role of CD8*CM T-cells [13, 32]. Available
data provide indications that CD8"* T-cells exhibit dual
roles, performing both atheroprotective and proathero-
genic functions within atherosclerosis [33]. Data from
an animal study show that populations of CD8" EM and
CD8" CM cells play a atherogenic role in atherosclerotic
plaques, especially in aged mice, highlighting the role as
a potential marker [34]. However, little is known about
their role in subclinical atherosclerosis. Therefore, the
roles of CD4" naive T-cells, CD4" and CD8" CM T-cells
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Fig.4 sPLS-DA Relevance Network for 10 Main Predictor Variables. This network offers a visual representation of the interrelationships between predictor
variables, symbolized as circles, and the binary response variable “subclinical atherosclerotic plague (SAP)" portrayed as rectangles. Red edges in the net-
work denote positive correlations, while green edges signify negative correlations, adhering to a minimum correlation threshold of 0.23 for visualization.
The presence of strong correlations in this network indicates that each feature exhibits a positive association with one of the two classes and a negative
association with the other. Specifically, variables CD4 naive T-cells, LMBN1, TP53, and CD4-CD8" are negatively correlated with the “SAP” class (indicated
by green edges), suggesting that as their values increase, the likelihood of SAP occurrence decreases. Red edges suggest a positive correlation with the
“no SAP” class, indicating that higher values of these variables correspond to an increased likelihood of SAP absence. Conversely, SBP, cSBP, vascular age,
OPN, CD8* CM and CD4* CM cells are positively correlated with the “SAP” class

should be further explored in subclinical atherosclerosis.
Another T-cell population identified in the present analy-
sis are CD4"CD8” DN lymphocytes, a heterogeneous
group comprising various cell subsets that lack both CD4
and CD8 co-receptors. Their precise composition was
not further characterizied in this study and their role in
cardiovascular diseases remains poorly understood . Data
from the present study suggest a protective function as
the frequency of this cell population is negatively asso-
ciated with SAP. Therefore, this cell population could
potentially play a role in identifying subclinical athero-
sclerosis and should be further investigated in future
studies.

In addition to T-cells, other molecular markers were
found to be associated with SAP occurrence at an early
stage. OPN plays a substantial role in atherosclerosis by

facilitating the adhesion of immune cells to the endothe-
lial wall, vascular inflammaging and promoting the for-
mation of plaques, thereby exacerbating atherosclerosis.
Its presence stands as a strong predictor of outcomes in
patients diagnosed with calcific aortic valve disease and
ischemic vascular conditions such as stroke, myocardial
infarction, and peripheral artery disease [35, 36]. While
OPN has been extensively studied, results in subclinical
atherosclerosis are inconclusive [37, 38]. In line with our
results, OPN could serve as a biomarker of early athero-
sclerotic development.

Senescent immune cells in the vascular wall, along with
increased secretion of pro-inflammatory mediators, may
exacerbating the formation of atherosclerotic plaques
[39]. LMBNI, integral to the nuclear structure, main-
tains cell integrity and genome stability [40]. This marker
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was negatively associated with SAP, indicating reduced
immunosenescence in the group without SAP. TP53, a
tumor suppressor gene, regulates cellular senescence and
its activation in atherosclerosis heightens cell senescence
in plaques, influencing disease progression [41]. How-
ever, contradicting assumptions, this study found a nega-
tive association of TP53 expression with SAP. Notably,
gene expression does not directly indicate protein pres-
ence, being regulated by various mechanisms including
transcription, translation, post-transcriptional modifica-
tions or alternative splicing.

The results of the vascular assessment have already
been discussed in a publication by Grofler et al. [22]. In
this current bioinformatics network analysis, the results
show that parameters related to systolic blood pres-
sure and vascular age, in conjunction with molecular
signatures, are associated with SAP and thus appear to
be suitable predictors. It is noteworthy that the systolic
blood pressure of participants with SAP is not character-
ized as hypertensive on average. This again emphatically
indicates that SAP development is possibly favored even
in a blood pressure state that is still classified as highly
normal [42]. The segmental distribution of plaques in our
cohort aligns with well-established hemodynamic prin-
ciples [43]. The predominance of lesions in the carotid
bulb and proximal internal carotid artery, regions of low
shear stress and disturbed flow, supports the notion that
local mechanical factors contribute significantly to early
plaque formation, even in the absence of overt hyper-
tension. These findings highlight the importance of vas-
cular flow dynamics in the pathogenesis of subclinical
atherosclerosis.

Age is considered the strongest risk factor for athero-
sclerosis development [44]. We observed a significant
correlation in our study cohort. However, age did not
rank among the top 10 variables in the bioinformatics
network analysis, suggesting the significance of additional
molecular signatures. Moreover, our study participants
exhibited above-average levels of physical activity and
CRE. Compared to age-adjusted reference values for max-
imum oxygen consumption [45], our participants ranked
in the top 20th percentile in terms of individual VO,
peak. Nevertheless, significant differences in maximum
VO,peak between the two groups were not observed,
possibly due to the highly homogeneous study popula-
tion in terms of CRFE. Our preliminary work has shown
that vascular health parameters are associated with
higher CRF values in this cohort [22]. Against this back-
ground, the inverse association between visceral abdomi-
nal fat and subclinical atherosclerosis was unexpected
and warrants cautious interpretation. One possible expla-
nation is that the overall high level of cardiorespiratory
fitness in this relatively healthy cohort may modulate the
relationship between fat distribution and vascular health.
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Alternatively, the finding may reflect residual confound-
ing, or specific behavioral or metabolic characteristics
within this population. Additionally, further studies have
demonstrated the positive influence of physical capac-
ity on parameters of the aging immune system [46]. The
complex relationships between the predictor variables
for atherosclerosis identified in our study and lifestyle
factors, such as physical activity, should therefore be a
focus of future research. From numerous dietary habits
we recorded, only a limited number of items of FFQ were
identified as relevant for the final statistical model. Thus,
no clear deductions can be made, suggesting that further
investigations should focus on these items. Therefore,
the positive association between cooked fruit intake and
SAP may reflect residual confounding related to prepara-
tion methods (e.g. added sugar) or dietary patterns rather
than a direct effect of fruit consumption. Since the FFQ
category ‘cooked fruit’ includes a variety of foods with
differing nutritional profiles, cautious interpretation is
warranted.

However, certain strengths and limitations must
be considered. The major strength of the study is the
homogenous study cohort who have all been clinically
classified as healthy agers and are free of pre-existing
diseases and medication. However, we acknowledge
that this homogeneity may limit the generalizability of
the results to broader populations. A key limitation of
our study is that, as a cross-sectional study, it does not
allow for definitive conclusions about predictors of ath-
erosclerosis. Longitudinal studies are required to verify
these findings. Additionally, the inclusion of 140 predic-
tors is relatively high. Therefore, we focused on discuss-
ing the top 10 most important predictors in the relevance
network analysis in detail. Future studies should aim to
fit the number of indicators to ensure feasibility in clini-
cal applications. Another limitation is the narrow age
range of the cohort, which prevents the identification
of age-related processes associated with the presence of
atherosclerosis. Limitations like selection bias should be
considered, especially given our focus on a target popula-
tion aged 55 and above, which includes 50 men and 29
women. This gender imbalance in our sample may influ-
ence the outcomes. The analysis may also be susceptible
to confounding bias if certain confounding variables
associated with both exposure and outcome have not
been measured. These confounders might impact the
results by potentially reversing or reducing the effect of
the main predictors. This can introduce bias to the analy-
sis impacting the error rate of our final models. Further-
more, the diagnosis of SAP and thus the classification
into the two groups was based solely on the results of
carotid sonography. Other screening methods, such as
coronary calcium screening, were not performed.
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Conclusion

In our cohort of elderly individuals with homogeneously
high CRE, no diagnosed prior disease and no medication
use, we were able to link several cellular and molecular
signatures from an extensive data network to SAP. Indi-
viduals with SAP were found to have signs of increased
immunosenescence, such as a low proportion of naive
CD4 + T-cells, a higher proportion of differentiated
T-cells, increased serological markers of inflammation
and markers of cellular senescence. Our data underscore
the importance of immunological markers in detecting
SAP in individuals who remain clinically asymptomatic,
highlighting the crucial role of immune processes in
the early stages of atherosclerosis development. Future
research should validate the predictive potential of these
biomarkers, which may serve as targets for preventive
and immunoregulatory lifestyle interventions, such as
physical activity, to disrupt the pathological cascade of
atherosclerosis progression.
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