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ABSTRACT
Aims: This study aimed to characterize convergent biochemical and cardiovascular imaging endophenotypes of atherosclerotic 
risk in early PD and to implement an interpretable machine-learning architecture integrating multimodal clinical and imaging 
parameters for precision cardiovascular risk profiling and cardiometabolic classification. 
Methods: A total of 125 early-stage idiopathic PD patients and age- and sex-matched controls were analyzed. Feature space 
was reduced using cross-validated Least Absolute Shrinkage and Selection Operator (LASSO) with penalty tuning and 
stability selection to mitigate multicollinearity. XGBoost, Random Forest, RBF-kernel Support Vector Machine, and Stochastic 
Gradient Boosting models were trained under a train–hold-out framework with Bayesian hyperparameter optimization. Model 
performance was assessed via bootstrapping, and interpretability was provided using SHapley Additive exPlanations (SHAP).  
Results: PD patients showed increased hypertension (54.4%; OR 3.2, p=0.007) and hypercholesterolemia (OR 2.8, p=0.01), with 
excess left ventricular systolic dysfunction (28.8% vs 0%, p<0.001), aortic insufficiency (20.0% vs 0%, p=0.001), and high-risk 
carotid plaques (unstable 40.8% vs 2.0%; calcified 49.6% vs 18.0%; both p<0.001). Inflammation was elevated (CRP 7.70±7.22 
vs 3.34±1.31 mg/L, p<0.001) with reduced lymphocyte-to-monocyte ratio (LMR) (3.99±1.94 vs 5.13±1.45, p<0.001). XGBoost 
achieved superior discrimination (accuracy 0.941, 95% CI 0.911–0.971; sensitivity 0.923; specificity 0.889; PPV 0.960, 95% CI 
0.930–0.990; AUC 0.95, 95% CI 0.91–0.983; Brier 0.07), with explainability dominated by LMR (SHAP 100%), followed by CRP 
(92.6%) and glucose-metabolic markers (65.6%).
Conclusion: PD demonstrates a convergent inflammatory–metabolic endophenotype with elevated carotid and cardiac risk 
burden. An explainable XGBoost-based multimodal framework implicated LMR and C-RP as discriminative biomarkers for 
targeted surveillance in early PD.
Keywords: Accelerated atherosclerosis, carotid plaque vulnerability, lymphocyte-to-monocyte ratio, machine learning risk 
stratification, Parkinson's disease, XGBoost algorithm

*This work was presented as a conference communication (abstract) at the 93rd European Atherosclerosis Society (EAS) Congress, Glasgow, United Kingdom, May 4–7, 2025.

INTRODUCTION
Parkinson's disease (PD), while primarily defined as a 
neurodegenerative disorder, is increasingly recognized as a 
systemic condition involving chronic, low-grade inflammation 
and autonomic nervous system dysfunction.1 Evidence 
suggests that the neuroinflammatory processes within the 
central nervous system may have systemic manifestations, 
potentially contributing to a pro-atherogenic state.2 This 
hypothesis is supported by findings of altered inflammatory 
cytokine profiles and immune cell dysregulation in PD 
patients, which parallel a pro-atherosclerotic phenotype.3 
Despite this biological probability, the relationship between 
PD and cardiovascular disease remains a subject of debate, 
often termed the "Parkinson's paradox." While some 
epidemiological studies report a decreased risk of ischemic 

events in PD, potentially due to factors like lower smoking 
rates or medication-induced hypotension,4 other large-scale 
studies indicate a significantly increased risk of stroke and 
cardiovascular mortality.5,6 This discrepancy highlights the 
failure of traditional cardiovascular risk models to capture the 
unique pathophysiology of atherosclerosis in the context of PD. 

Machine learning (ML) and Artificial Intelligence (AI) offer 
powerful tools to decipher such complex, high-dimensional 
biological data. By integrating heterogeneous data sources—
including biochemical markers, clinical parameters, and 
advanced imaging data from carotid ultrasound and 
echocardiography—ML models can identify non-linear 
relationships and hidden patterns that are not apparent with 
conventional statistical methods.7 
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The primary aim of this study is to develop and validate a 
robust and explainable ML model for classifying cardio-
atherogenic risk in patients with early-stage idiopathic PD. For 
this purpose, serum inflammatory and metabolic biomarkers 
were integrated with detailed carotid ultrasonography and 
echocardiographic data to identify the best predictors of 
cardiovascular risk profiling and cardiometabolic classification 
and elucidate the fundamental pathways underlying 
accelerated atherosclerosis. Our secondary objectives include 
ranking the model's predictive variables using SHAP analysis, 
evaluating the model's additional predictive value compared 
to traditional risk scores, examining the relationships 
between PD autonomic symptom burden and disease 
duration and the cardio-atherogenic risk predicted by the 
model, and conducting sensitivity analyses across subgroups 
such as age, gender, and comorbidities. Our exploratory goals 
include investigating the role of interactions between glucose-
metabolic markers and inflammation indices in mechanisms 
of accelerated atherosclerosis and associating American Heart 
Association–American College of Cardiology (AHA- ACC) 
Type IV/heterogeneous carotid plaque phenotypes with PD-
specific immune-metabolic profiles. The model optimization 
and validation strategy includes variable selection with Least 
Absolute Shrinkage and Selection Operator (LASSO), 5-fold 
cross-validation, and comparative algorithms, and SHAP-
based interpretability analysis.

METHODS

Ethics
This cross-sectional case-control study was conducted at our 
tertiary referral hospital with the approval of the Scientific 
Researches and Evaluation Ethics Committee of Ankara 
Etlik City Hospital (Date: 12.06.2024, Decision No: AEŞH-
BADEK-2024-331); written informed consent was obtained 
from all participants, and the protocol adhered to the 
principles of the Declaration of Helsinki.

Study Design and Population
The analytic cohort comprised 125 patients with early-stage 
idiopathic PD and 50 age- and sex-matched healthy controls. 
Idiopathic PD diagnosis was confirmed by a movement-
disorders specialist (E.D.U.) according to the UK Parkinson’s 
Disease Society Brain Bank clinical diagnostic criteria, 
and motor severity was quantified using the MDS-Unified 
Parkinson’s Disease Rating Scale (MDS-UPDRS) and the 
Hoehn–Yahr (H&Y) scale. Only patients classified as having 
early-stage PD were included who described UPDRS-III 
scores between 10 and 15 (lower scores) and H&Y stages 1 or 2.

Eligibility criteria for the PD groupwere as follows: 18–80 
years; newly diagnosed with idiopathic PD at the research 
center; no comorbidities that could suggest an alternative 
diagnosis, including stroke, intracerebral hemorrhage, 
tumor, demyelinating disease, intracerebral parenchymal 
or meningeal infection, cerebrovascular diseases, or other 
Parkinson-plus disease syndromes such as multiple system 
atrophy, progressive supranuclear palsy, or corticobasal 
degeneration; and all required neuroradiological and serum 
biochemical tests completion within the specified study 

timeframe and a confirmed idiopathic PD diagnosis. To 
ensure temporal and data consistency, only patients with 
at least two separate clinic visits and complete datasets, 
including biochemical, carotid duplex ultrasonography, and 
transthoracic echocardiography, obtained before initiation of 
chronic dopaminergic therapy were included.

Exclusion criteria encompassed atypical parkinsonian 
syndromes and/or secondary parkinsonism regarding other 
comorbidities likely to confound cardio-metabolic or vascular 
assessments. Control subjects were volunteer individuals who 
visited the outpatient clinic during the study period and had 
no neurological disease or major systemic illness, and had 
no medication use expected to influence the primary study 
variables. 

Biochemical Analyses
Peripheral venous blood (5 ml) was drawn from the 
antecubital vein into sterile, vacuum-sealed polypropylene 
tubes following standard laboratory protocols of the 
institution. All samples were collected between 08:00 and 
12:00 after an overnight fast of 8–12 hours, and participants 
were instructed to refrain from taking any medications prior 
to sampling. Blood specimens were centrifuged at 1300 × g 
for 10 minutes using a Hettich® Universal 30 RF centrifuge 
immediately after collection, and plasma was carefully 
separated. Aliquots were subsequently stored at −80°C until 
batch analysis. To reduce the impact of transient metabolic 
or inflammatory variations, only participants with at least 
two distinct biochemical measurements obtained across 
two separate visits per parameter were included. Analytical 
consistency was ensured through strict quality-control 
measures, wit intra- and inter-assay coefficients of variation 
maintained below 5%. All serum biochemical determinations 
were performed concurrently under uniform conditions, and 
values were standardized in accordance with institutional 
laboratory protocols. The participants’ serum glycemic and 
lipid profiles were comprehensively assessed, including fasting 
plasma glucose (70–115 mg/dl), hemoglobin A1c (HbA1c, 4.7–
5.6%), total cholesterol (TC, 0–200 mg/dl), triglycerides (TG, 
0–150 mg/dl), high-density lipoprotein cholesterol (HDL-C, 
40–60 mg/dl), non-HDL cholesterol (calculated as TC minus 
HDL-C, <120 mg/dl), low-density lipoprotein cholesterol 
(LDL-C, 100–159 mg/dl), and very low-density lipoprotein 
cholesterol (VLDL-C, <150 mg/dl). Derived lipid ratios, 
including TC/HDL-C, LDL-C/HDL-C, and TG/HDL-C, were 
computed to facilitate cardiovascular risk stratification and 
evaluation of metabolic syndrome parameters. Quantitative 
measurement of TC, TG, and HDL-C was performed using 
spectrophotometry on an Abbott Aeroset automated analyzer 
(Abbott Laboratories, Abbott Park, IL, USA). Hematological 
proportions were derived from routine complete blood 
count parameters obtained from peripheral venous samples. 
Systemic inflammatory status was assessed via serum 
C-reactive protein (CRP, <1.0 mg/L), total white blood cell 
count (WBC, 4–10×10⁹/L), and hematological inflammatory 
indices, including neutrophil-to-lymphocyte ratio (NLR), 
lymphocyte-to-monocyte ratio (LMR), and platelet-to- 
lymphocyte ratio (PLR). CRP concentrations were quantified 
using nephelometry on a RADIM Delta analyzer (Radim 
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Diagnostics, Pomezia, Italy; Ref. 010138), in accordance with 
standard laboratory protocols and quality-control measures.

Scanning Protocol
Carotid duplex ultrasound: A standardized radiological 
protocol was applied for all participants to ensure consistent 
and high-quality imaging data. All examinations were 
performed by certified sonographers under the supervision of 
experienced radiologists. Bilateral assessment of the common 
carotid arteries (CCA) and internal carotid arteries (ICA), 
including both bulbous and distal segments, was conducted 
using a high-resolution ultrasound system (DIASONICS VST 
Gateway) equipped with a 5-MHz linear-array transducer. 
Imaging was performed in multiple planes (longitudinal, 
coronal, and transverse) to optimize visualization of vascular 
structures. Intima-media thickness (IMT) was measured on 
the far wall of the distal straight segment of each CCA (1 cm 
proximal to the bifurcation), with measurements digitized 
along the vessel axis starting from the bulb. Atherosclerotic 
plaques were defined as focal protrusions in the arterial wall 
or localized increases in IMT within the scanned segment. 
Plaque frequency was recorded as the presence of one or more 
plaques. All arterial segments, including the near and far walls 
of the CCA, ICA, and carotid bifurcations, were systematically 
evaluated for plaque morphology, wall thickness, and stenosis 
by expert radiologists, employing a double-blind reading 
protocol. All findings were documented in the hospital’s 
electronic medical record system.

Plaque classification followed the AHA–ACC criteria,8 which 
categorize plaques according to structural and compositional 
characteristics:

•	 Type 1–2: Plaques with normal wall thickness,

•	 Type 3: Plaques with diffuse intima-media thickening 
without calcification,

•	 Type 4–5: Calcified plaques with a lipid or necrotic core 
surrounded by fibrous tissue,

•	 Type 6: Complex plaques containing surface defects, 
intraplaque hemorrhage, or thrombus,

•	 Type 7: Calcific plaques,

•	 Type 8: Fibrous plaques lacking a lipid core.

This standardized grading enables quantitative and qualitative 
assessment of atherosclerotic burden and supports clinical 
decision-making in cardiovascular risk stratification and 
management. All carotid data were subsequently analyzed 
offline by a blinded investigator using information extracted 
from the hospital database.

Transthoracic echocardiography (TTE): TTE was performed 
by an experienced cardiologist using institutional platforms 
(Siemens Acuson Sequoia C256 and General Electric Vivid 
3) equipped with phased-array transducers (2.5–5 MHz), in 
strict accordance with American Society of Echocardiography 
(ASE) guidelines.9 Comprehensive imaging included standard 
2-D, M-mode, pulsed-wave, continuous-wave, and tissue 
Doppler acquisitions from parasternal long- and short-axis, 
and apical two-, three-, and four-chamber windows. Left 

ventricular (LV) linear dimensions were measured in M-mode, 
and LV volumes were calculated using the biplane Simpson’s 
method from apical two- and four-chamber views to derive left 
ventricular ejection fraction (LVEF). LV mass was calculated 
by the Devereux formula and indexed to body surface area. 
Diastolic function assessment incorporated transmitral E 
and A velocities, E/A ratio, E-wave deceleration time, septal 
and lateral e′ velocities, average E/e′ ratio, and indexed left 
atrial volume, with grading performed according to ASE/
European guidelines. Right ventricular systolic function was 
screened using tricuspid annular plane systolic excursion 
(TAPSE) and peak S' by tissue Doppler, where obtainable. 
Valvular morphology and hemodynamics were systematically 
evaluated with qualitative and quantitative measures (vena 
contracta, PISA, pressure gradients, and, when indicated, 
continuity equation for aortic valve area); regurgitation and 
stenosis severity were classified per contemporary ACC/
AHA criteria.10,11 The estimated pulmonary artery systolic 
pressure was derived from TR velocity plus the right atrial 
pressure estimate. Pericardial effusions were quantified by 
maximal echo-free space in diastole and described as trivial, 
small, moderate, or large. All images and loops were archived 
in PACS, and measurements were performed offline using 
vendor software (EchoPAC/respective workstation); the reader 
was blinded to clinical group. To ensure reliability, a random 
15% subset of studies was re-measured by a second blinded 
cardiologist to assess intra- and inter-observer agreement, 
and all pathological findings were coded as binary variables 
(present/absent) using pre-specified guideline thresholds.

Statistical Methods and AI Methodology
Data preprocessing and quality control: The dataset 
underwent preprocessing using IBM SPSS Statistics v29 and 
R v4.2.1. Continuous variables were assessed for normality 
via Shapiro-Wilk testing, with parametric data reported as 
mean±standard deviation and non-parametric data as median 
[interquartile range]. Categorical variables were expressed 
as frequencies (percentages). Group comparisons employed 
independent t-tests (normal distributions) or Mann-Whitney 
U tests (non-normal distributions) for continuous variables, 
and Pearson's Chi-square, Yates' corrected Chi-square, or 
Fisher's exact tests for categorical variables as appropriate. 
The initial dataset comprised 66 independent variables 
(demographic, biochemical, and imaging parameters) with 
one binary outcome variable (PD vs. control).  Seven missing 
values across six variables were addressed using the missForest 
package in R (version 4.2.1), a non-parametric imputation 
method based on Random Forest algorithms. Distributional 
consistency between original and imputed datasets was 
validated via Kolmogorov-Smirnov tests (all p>0.42). Feature 
selection employed a two-stage approach: First, near-zero-
variance predictors were eliminated using the nearZeroVar 
function from the caret package. Second, the LASSO 
regression was implemented via the glmnet package with 10-
fold cross-validation. Predictors were standardized (mean=0, 
SD=1) prior to LASSO, and the optimal regularization 
parameter (λ) was selected using the "1 standard error" rule 
to maximize parsimony, reducing predictors from 66 to 
16 clinically relevant variables. A post hoc power analysis 
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was conducted using G*Power (version 3.1) to evaluate the 
statistical power of our sample size. Power was calculated 
based on the differences in the primary explanatory variable 
identified by the model.

Feature Selection and Dimension Reduction
A two-stage feature selection protocol was implemented:

Variance-based filtering: Eliminated near-zero-variance 
predictors using the nearZeroVar function from the caret 
package (v6.0) with frequency cutoff =95/5

Regularized regression: Applied LASSO via  glmnet  (v4.1) 
with 10-fold cross-validation, standardized predictors, and 
λ selection at 1 standard error (convergence tolerance=1e-5), 
reducing predictors from 66 to 16 features

Machine Learning Framework
Four ML algorithms were evaluated: eXtreme Gradient 
Boosting (XGBoost), Random Forest, Support Vector 
Machine with Radial Kernel (SVM-Radial), and Stochastic 
Gradient Boosting (SGB). Using stratified sampling, the 
dataset was randomly partitioned into training (80%) and 
hold-out test (20%) sets. Model development incorporated 
Bayesian hyperparameter optimization via mlrMBO and 
internal validation through 3-repeated stratified 5-fold 
cross-validation. Final model performance was assessed on 
the hold-out test set using accuracy, sensitivity, specificity, 
positive predictive value (PPV), negative predictive value 
(NPV), area under the receiver operating characteristic curve 
(AUC-ROC), F1-score, and Brier Score.

Model interpretability was analyzed using SHapley Additive 
exPlanations (SHAP) values (Figure 1). The SHAP value for 
each feature i was calculated as:

Where N represents the complete set of predictors, S denotes a 
subset of features excluding i, and f(·) is the model prediction 
function. SHAP values were calculated using the SHAP 
for XGBoost package in R, and relative contributions were 
expressed as: Relative Contribution (%)=(φ_i/max(φ))* 100 
Feature-specific directional effects were visualized via SHAP 
dependence plots generated in Python 3.9 (SHAP v0.44.0, 
Matplotlib v3.7.1), where red indicates high feature values 
and blue indicates low feature values. Secondary analyses 
included Spearman correlation to examine associations 
between demographic characteristics and cardio-radiological 
biomarkers. All analyses were conducted within a 
comprehensive Knowledge Discovery in Databases (KDD) 
framework, leveraging R 4.2.1 (tidyverse, mlr3, xXGBoost, 
SHAPforxgboost) for modeling and Python 3.9 (SHAP, 
seaborn) for visualization. The study adheres to TRIPOD- AI 
guidelines for predictive modeling and the STROBE statement 
for observational research.

RESULTS

Participant Characteristics

The study sample comprised 125 patients with early-stage 
idiopathic PD and 50 age- and sex-matched healthy controls. 
Sex distribution was similar between groups (PD:73/125, 
58.4% male; controls: 30/50, 60.0% male) and mean ages 
were comparable (PD 63.4±8.9 years; controls 62.1±9.2 years; 
see Table 1). Classical cardiovascular comorbidities were 
more prevalent in the PD cohort: hypertension occurred 
in 68/125 (54.4%) of PD patients versus 10/50 (20.0%) of 
controls (χ²(1)=19.87, p<0.001, 17φ=0.337, φ²=0.114, ε²=0.108; 
OR=4.772, 95% CI 2.194–10.381), ischemic heart disease 
in 26/125 (20.8%) vs 2/50 (4.0%) (χ²(1)=10.79, p=0.001, 
φ=0.248, φ²=0.062, ε²=0.056; OR=6.303, 95% CI 1.436–
27.660), congestive heart failure in 12/125 (9.6%) vs 0/50 
(0.0%) (χ²(1)=7.52, p=0.006, φ=0.207, φ²=0.043, ε²=0.037; 
continuity-corrected OR=11.123, 95% CI 0.646–191.545), 
peripheral vascular disease in 15/125 (12.0%) vs 1/50 
(2.0%) (χ²(1)=8.44, p=0.004, φ=0.220, φ²=0.048, ε²=0.043; 
OR=6.682, 95% CI 0.858–52.010), and aortic insufficiency in 
25/125 (20.0%) vs 0/50 (0.0%) (χ²(1)=10.09, p=0.001, φ=0.240, 
φ²=0.058, ε²=0.052; continuity-corrected OR=25.627, 95% CI 
1.529– 429.592). All counts, percentages and test statistics are 
tabulated in Table 1.

Systemic Inflammatory and Hematologic Indices
PD patients exhibited a pro-inflammatory hematologic profile. 
Serum CRP was higher in PD (mean±SD 7.70±7.22 mg/L, 
median 4.8, range 0.04–45.8) than controls (mean 3.34±1.31 
mg/L, median 3.5, range 0.4–6.8) (Mann–Whitney z=4.54, 
Kruskal–Wallis H≈z²=20.627, p<0.001; Cohen’s d=0.709, 
pooled SD=6.15, Hedges’ g=0.704, r=0.343, ε²≈0.1100). WBC 
was elevated in PD (8.28±3.48×10⁹/L, median 7.5, range 
2.3–28.7) versus controls (6.88±1.64×10⁹/L, median 6.8, 
range 4.1–9.8) (z=2.567, H≈6.588, p=0.010; Cohen’s d=0.456, 
pooled SD=3.07, Hedges’ g=0.453, r=0.194, ε²≈0.0329). 
Derived inflammatory ratios further distinguished groups: 
NLR was 5.43±18.24 (median 2.47) in PD versus 1.82±0.62 
(median 1.65) in controls (z=4.981, H≈24.810, p<0.001; Figure 1. SHAP summary plot for the XGBoost model
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Cohen’s d=0.234, pooled SD=15.45, Hedges’ g=0.233, r=0.377, 
ε²≈0.1319), LMR was lower in PD (3.99±1.94, median 3.7) 
than controls (5.13±1.45, median 5.25) (z=4.834, H≈23.366, 
p<0.001; Cohen’s d=−0.628, pooled SD=1.815, Hedges’ 
g=−0.624, r=0.366, ε²≈0.1233), and PLR was higher in PD 
(161.46±100.53, median 140.3) than controls (116.81±30.02, 
median 112.7) (z=3.166, H≈10.026, p=0.002; Cohen’s d=0.516, 
pooled SD=86.60, Hedges’ g=0.513, r=0.240, ε²≈0.0435). All 
nonparametric statistics and effect sizes are provided in Table 2. 

Metabolic Profile
Glucose homeostasis was impaired in the PD cohort: fasting 
plasma glucose was 123.4±50.4 mg/dl (median 108, range 11.8–
330.2) in PD versus 96.1±14.2 mg/dl (median 93.9, range 77.8–
145.9) in controls (Mann–Whitney z=5.303, H≈28.120, p<0.001; 
Cohen’s d=0.630, pooled SD=43.33, Hedges’ g=0.626, r=0.401, 
ε²≈0.1663). HbA1c averaged 6.089±1.564% (median 5.6) in PD 
vs 5.166±0.625% (median 4.95) in controls (z=4.109, H≈16.887, 
p<0.001; Cohen’s d=0.676, pooled SD=1.365, Hedges’ g=0.672, 
r=0.311, ε²≈0.0894). Lipid profiling demonstrated an atherogenic 

shift in PD: TC 195.8±46.0 mg/dl versus 173.3±28.5 mg/dl in 
controls (z=2.961, H≈8.767, p=0.003; Cohen’s d=0.538, Hedges’ 
g=0.534, ε²≈0.0363), TG 152.4±95.5 mg/dl versus 115.4±40.9 
mg/dl (z=2.700, H≈7.290, p=0.007; Cohen’s d=0.442, Hedges’ 
g=0.439, ε²≈0.0302), and LDL-C 123.0±36.9 mg/dl versus 
110.9±25.0 mg/dl (z=2.015, H≈4.060, p=0.044; Cohen’s d=0.356, 
Hedges’ g=0.354, ε²≈0.0146). Non-HDL-C and atherogenic 
ratios, including TC/HDL-C, TG/HDL-C, were also significantly 
increased in PD (all p<0.05); full numeric panels and effect sizes 
are listed in Table 2.

Echocardiographic Indices
TTE revealed greater structural and functional cardiac pathology 
in PD. LV systolic dysfunction of any grade was observed 
in 36/125 (28.8%) of PD patients and 0/50 (0.0%) of controls 
(χ²(1)=16.41, p<0.001, φ=0.306, φ²=0.094, ε²=0.089; continuity-
corrected OR=41.190, 95% CI 2.475–685.508). Within PD, 
dysfunction severity was mild in 6/125 (4.8%), moderate in 4/125 
(3.2%), and severe in 1/125 (0.8%). Aortic insufficiency occurred 
in 2025/125 (20.0%) of PD patients and in 0/50 (0.0%) of controls 

Table 1. Participant characteristics and baseline differences

Variable Control (n=50) PD (n=125) Test (χ²/t) p Effect size OR 95% CI

Male sex, n (%) 30 (60.0) 73 (58.4) χ²(1)=0.04 0.84 Cramer’s V=0.015 0.95 0.48–1.86

Age (years) 62.1±9.2 63.4±8.9 t=0.86 - - — —

Hypertension, n (%) 10 (20.0) 68 (54.4) χ²(1)=19.8 <0.001 V=0.33 4.77 2.19–10.38

Ischemic heart disease, n (%) 2 (4.0) 26 (20.8) χ²(1)=10.79 <0.001 V=0.24 6.30 1.44–27.66

Congestive heart failure, n (%) 0 (0.0) 12 (9.6) χ²(1)=7.52 <0.001 V=0.20 11.12 0.65–191.55*

Peripheral vascular disease, n (%) 1 (2.0) 15 (12.0) χ²(1)=8.44 <0.001 V=0.22 6.68 0.86–52.01

Aortic insufficiency, n (%) 0 (0.0) 25 (20.0) χ²(1)=10.09 <0.001 V=0.24 25.63 1.53–429.59*

Data are presented as n (%) for categorical variables and mean ± standard deviation (SD) for continuous variables unless otherwise stated. PD: Parkinson’s disease. χ²: Pearson Chi-square test statistic; Cramer’s V, 
effect size for categorical associations (equivalent to φ in 2×2 tables). OR: Odds ratio, CI: Confidence interval. Odds ratios and 95% CIs were calculated using a continuity correction (0.5) where zero cell counts 
were present. Statistical significance was set at p<0.05.* continuity correction (0.5) applied for OR/CI due to zero cell(s).

Table 2. Comparative distribution and nonparametric inferential statistics for systemic inflammatory, hematologic and metabolic biomarkers

Variables Control mean±SD 
(n=50)

PD mean±SD 
(n=125) Mann–Whitney z H (z²) p Cohen’s d Hedges’ g r=z/√N ε²

CRP (mg/L) 3.34±1.31 7.70±7.22 4.54 20.627 <0.001 0.709 0.704 0.343 0.1100

WBC (×10⁹/L) 6.88±1.64 8.28±3.48 2.567 6.588 0.010 0.456 0.453 0.194 0.0329

NLR 1.82±0.62 5.43±18.24 4.981 24.810 <0.001 0.234 0.233 0.377 0.1319

LMR 5.13±1.45 3.99±1.94 4.834 23.366 <0.001 −0.628 −0.624 0.366 0.1233

PLR 116.81±30.02 161.46±100.53 3.166 10.026 0.002 0.516 0.513 0.240 0.0435

Fasting glucose (mg/dl) 96.10±14.20 123.40±50.40 5.303 28.120 <0.001 0.630 0.626 0.401 0.1663

HbA1c (%) 5.166±0.625 6.089±1.564 4.109 16.887 <0.001 0.676 0.672 0.311 0.0894

Total cholesterol (mg/dl) 173.30±28.50 195.80±46.00 2.961 8.767 0.003 0.538 0.534 0.224 0.0363

Triglycerides (mg/dl) 115.40±40.90 152.40±95.50 2.700 7.290 0.007 0.442 0.439 0.204 0.0302

LDL-C (mg/dl) 110.90±25.00 123.00±36.90 2.015 4.060 0.044 0.356 0.354 0.152 0.0146

Non-HDL-C (mg/dl) 120.00±30.00 154.80 ±109.00 3.729 13.909 <0.001 0.827 0.820 0.282 0.0719
Data are expressed as mean±SD and, where appropriate, median (range). CRP: C-reactive protein, WBC: White blood cell count, NLR: Neutrophil-to-lymphocyte ratio, LMR: Lymphocyte-to-monocyte ratio, 
PLR: Platelet-to-lymphocyte ratio, HbA1c: Glycated hemoglobin, TC: Total cholesterol, TG: Triglycerides, LDL-C: Low-density lipoprotein cholesterol, HDL-C: High-density lipoprotein cholesterol, Non-HDL-C: 
Non–high-density lipoprotein cholesterol, IMT: Intima–media thickness, LVEDD: Left ventricular end-diastolic diameter, LVEF: Left ventricular ejection fraction. z, standardized Mann–Whitney U test statistic. 
H, Kruskal–Wallis test statistic; H ≈ z² indicates approximation based on rank statistics. r, nonparametric effect size calculated as z/√N. Cohen’s d, standardized mean difference using pooled standard deviation. 
Hedges’ g, small-sample bias–corrected standardized mean difference. ε² (epsilon-squared), proportion of variance explained for nonparametric comparisons. All tests were two-sided; p<0.05 was considered 
statistically significant.
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(χ²(1)=10.09, p=0.001, φ=0.240, φ²=0.058, ε²=0.052; continuity-
corrected OR=25.627, 95% CI 1.529–429.592). Aortic stenosis 
and pericardial effusion were rare (≤1.0% overall). Continuous 
echocardiographic indices, including left ventricular end-
diastolic diameter (LVEDD), LVEF, diastolic parameters, and 
their effect sizes are presented in Table 3.

Carotid Duplex Ultrasound Composition
Carotid duplex imaging demonstrated a higher burden of 
calcified and high-risk plaques among PD patients. Soft plaques 
were more frequent in controls (36/50, 72.0%) than in PD 
(42/125, 33.6%), whereas calcified plaques were more common in 
PD (62/125, 49.6%) than in controls (9/50, 18.0%) (overall plaque 
composition χ² reported =21.72, p<0.001, φ=0.352, φ²=0.124, 
ε²≈0.119; OR for calcified plaque=4.483, 95% CI 2.010– 9.999). 
Heterogeneous plaques were seen in 21/125 (16.8%) of PD patients 
versus 5/50 (10.0%) of controls (OR=1.822, 95% CI 0.637–5.205). 
According to AHA–ACC taxonomy, type 1 plaques were found 
in 16/125 (12.8%) of PD versus 34/50 (68.0%) of controls, type 2 in 
49/125 (39.2%) vs 15/50 (30.0%), and type 4 (high-risk) in 51/125 
(40.8%) vs 1/50 (2.0%); reported AHA classification χ²=60.61, 
p<0.001, φ=0.589, φ²=0.346, ε²≈0.345; OR (type 4, PD vs control) 
=33.770, 95% CI 4.517–252.477. Mean far-wall intima-media 
thickness (IMT) was greater in PD (0.92±0.21 mm) than controls 
(0.76±0.14 mm, p<0.001; Cohen’s d=0.872, Hedges’ g=0.865), and 
the composite plaque burden score median was higher in PD (3 
[2–5]) than controls (1 [0–2], p<0.001). Numeric carotid panels 
and classification cross- tabulations are in Table 4.

Feature Selection and Dimension Reduction
The initial analytic set comprised 66 candidate variables 
spanning demographic, biochemical, TTE, and carotid- 
ultrasound domains. Preprocessing removed near-zero- variance 
predictors and missingness patterns were inspected prior to 

modelling. Feature reduction employed LASSO regularization 
on standardized predictors (predictor mean =0, SD=1) with 10-
fold cross-validation; the 1-standard-error (1-SE) λ criterion was 
applied to favor model parsimony. The LASSO path demonstrated 
progressive coefficient shrinkage with increasing penalty, and 
the selected λ value is explicitly annotated. At this optimal 
λ, the predictor space was reduced to 16 variables retained for 
downstream modelling. Predictor stability was subsequently 
quantified using bootstrap LASSO with repeated resampling, 
and only features exceeding the pre-specified stability frequency 
threshold were retained for final model construction (Figure 1).

Machine Learning Model Training
Model development used a stratified partitioning scheme, 
allocating 80% of the dataset to the training set and reserving 20% 
as an independent hold-out test set (n=35). On the independent 
hold-out dataset, the XGBoost model demonstrated superior 
overall performance, achieving an accuracy of 0.941, sensitivity 
of 0.923, specificity of 0.889, PPV of 0.960, NPV of 0.800, AUC-
ROC of 0.95, and a Brier score of 0.07. Comparative performance 
metrics for all evaluated algorithms across the training and test 
datasets are presented in Figure 2, which illustrates the consistent 
outperformance of XGBoost relative to alternative classifiers.

To evaluate the specific advantage of the gradient boosting 
architecture, a multivariable logistic regression (LR) model was 
developed and the XGBoost model outperformed the traditional 
LR model across all evaluated metrics. The LR model achieved 
an AUC-ROC of 0.862 and an accuracy of 82.4%, whereas the 
XGBoost model reached an AUC-ROC of 0.950 and an accuracy 
of 94.1%. This comparison confirms the superior capacity of ML 
to synthesize multimodal clinical and imaging data into a highly 
accurate classification framework.

Table 3. Categorical echocardiographic abnormalities in early-stage Parkinson’s disease and controls

Variable Control (n=50) PD (n=125) χ² (df=1) p value φ (Cramer’s V) φ² ε² Odds ratio 95% CI for OR

LV systolic dysfunction 0 (0.0%) 36 (28.8%) 16.41 <0.001 0.306 0.094 0.089 41.19 2.48–685.51

Aortic insufficiency 0 (0.0%) 25 (20.0%) 10.09 0.001 0.240 0.058 0.052 25.63 1.53– 429.59

Aortic stenosis* 0 (0.0%) 1 (0.8%) 0.40† 0.53 0.048 0.002 0.002 1.21 0.05 – 30.6

Pericardial effusion* 0 (0.0%) 1 (0.8%) 0.40† 0.53 0.048 0.002 0.002 1.21 0.05 – 30.6
Data are shown as n (%). LV: Left ventricle, LVSD: Left ventricular systolic dysfunction. χ²: Pearson Chi-square test. φ (phi), effect size for categorical comparisons; φ², squared phi coefficient. ε² (epsilon-squared), 
measure of explained variance. OR: Odds ratio, CI: Confidence interval. Continuity correction (0.5) was applied to odds ratio estimation where zero events occurred in one group. All statistical tests were two-
sided.* continuity correction applied due to zero cell(s).

Table 4. Carotid plaque phenotypes and AHA–ACC classification in early-stage Parkinson’s disease and controls

Plaque type/ classification Control (n=50) PD (n=125) χ² P φ (V) φ² ε² Odds ratio OR 95% CI

Soft plaque 36 (72.0%) 42 (33.6%) 21.72 <0.001 0.352 0.124 ε²≈0.119 0.197 0.096–0.404

Calcified plaque 9 (18.0%) 62 (49.6%) 21.72 <0.001 0.352 0.124 ε²≈0.119 4.483 2.010–9.999

Heterogeneous plaque 5 (10.0%) 21 (16.8%) — — — — — 1.822 0.637–5.205

AHA type 1 34 (68.0%) 16 (12.8%) — — — — — 0.054 0.029–0.101

AHA type 2 15 (30.0%) 49 (39.2%) — — — — — 1.519 0.800–2.886

AHA type 4 1 (2.0%) 51 (40.8%) 60.61 <0.001 0.589 0.346 ε² ≈ 0.345 33.770 4.517–252.477

IMT 0.76±0.14 0.92±0.21 — <0.001 — — — Cohen's d=0.872 Hedges' g= 0.865
Plaque composition categories include soft, calcified, and heterogeneous plaques. AHA–ACC, American Heart Association–American College of Cardiology plaque classification system. Type 1 and type 2 indicate 
lower-risk plaque phenotypes; Type 4 indicates high-risk plaque morphology. IMT, far-wall intima–media thickness measured in millimeters (mm). χ²: Pearson Chi-square test for categorical distributions. φ 
(Cramer’s V), effect size for multicategory categorical comparisons; φ²: Squared effect size. ε² (epsilon-squared), proportion of variance explained by group membership. OR: Odds ratio comparing PD patients 
with controls; CI: Confidence interval. Composite plaque burden score is reported as median [interquartile range]. Statistical significance was defined as p<0.05.
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Model Interpretability: Shap-Based Variable
Model interpretability was assessed using SHAP to quantify the 
relative contribution of individual predictors to the final model 
output at the global level. The SHAP-based feature importance 
plot (Figure 3) ranks predictors according to their normalized 
mean absolute SHAP values, expressed as relative importance 
scores (%), thereby providing a direct, model-agnostic measure 
of each variable’s contribution to classification decisions. 
Among all predictors, the LMR emerged as the dominant 
contributor, exhibiting a normalized importance of 100%. 
CRP followed closely, accounting for 92.6% of the maximum 
relative contribution. The glucose markers metabolism also 
demonstrated substantial influence, with fasting plasma glucose 
contributing 65.6% and HbA1c contributing 18.9% to the overall 
importance ranking. Cardiac and demographic variables 
occupied an intermediate tier of influence. Normal LVF exhibited 
a relative importance of 80.5%, while age and the presence of 
hypertension contributed 61.3% and 59.2%, respectively. Lipid-
related and hematologic indices showed moderate contributions, 
including TC (47.4%), PLR (41.9%), and WBC (40.9%). The 
triglyceride-to- HDL cholesterol ratio demonstrated a lower, 
yet non- negligible, contribution of 30.5%. Structural vascular 
features were positioned toward the lower end of the importance 
spectrum: AHA–ACC type 4 plaques accounted for 19.9% of 
relative importance, followed by type 2 plaques (18.3%), aortic 
insufficiency (7.3%), calcified carotid plaque type (6.7%), and 
heterogeneous carotid plaque type (5.8%). Collectively, the SHAP 
importance distribution underscores the predominance of 
immune–inflammatory and metabolic predictors over structural 
vascular characteristics in driving the model’s classification 
behavior, as visually summarized in Figure 3.

Post-hoc power analysis indicated that the sample size of 175 
participants provided >95% power at an alpha level of 0.05 to 

detect the observed large effect sizes in primary atherogenic 
markers, such as LMR (Cohen’s d=-0.628) and CRP (Cohen's 
d=0.709). Furthermore, regarding the ML evaluation, the hold-
out test set size (n=35) was sufficient to validate the robust 
discriminatory performance (AUC=0.95) with a narrow 95% 
confidence interval, minimizing the risk of type II errors.

DISCUSSION
Our study comprehensively analyzed a multidimensional, 
clinically significant profile of atherogenic cardiovascular 
risk profiling and cardiometabolic classification in early-
stage idiopathic PD and developed an explainable ML-based 
XGBoost model capable of classifying this risk with high 
accuracy. The study found that early-stage PD patients had 
significantly increased systemic inflammation, impaired 
glucose metabolism, subclinical and clinical cardiac 
dysfunction, particularly LV systolic dysfunction and aortic 
insufficiency, as well as high-risk carotid plaque morphologies, 
particularly AHA-ACC type 4 plaques. The XGBoost model, 
integrating these variables, provided robust atherogenic risk 
classification with 94.1% accuracy, a 0.95 AUC-ROC, and a 
low Brier score (0.07). SHAP-based explainability analyses 
clearly demonstrated that the primary drivers of this risk 
are inflammatory and metabolic axes. In this respect, the 
study makes a significant and original contribution to the 
literature by demonstrating that measurable, high-risk 
structural changes are present in the cardiovascular system 
even in the early stages of PD. Recent studies confirm that PD 
patients are at higher risk for major cardiovascular events, 
including myocardial infarction (MI), ischemic stroke, and 
cardiovascular mortality, with an estimated odds ratio (OR) 
of 1.49 for stroke and 1.20 for cardiovascular mortality.12 It 
has also been noted that PD and CVD share common risk 
factors, such as age, male gender, and diabetes mellitus.13 
Furthermore, a direct link between PD and vascular 
risk factors, such as diabetes and hypertension, has been 
suggested; however, most existing studies are retrospective or 
epidemiological in nature and do not address the vascular and 

Figure 2. Comparative performance analysis of four machine learning models
RF: Random forest, SGB: Stochastic gradient boosting, SVM radial: Support vector machine radial

Figure 3. Quantitative evaluation of variable importance distribution in 
XGBoost-Based prediction model
AHA-ACC: American Heart Association-American College of Cardiology, CRP: C-reactive protein, 
HbA1c: Glycated hemoglobin, HDL: High-density lipoprotein, LMR: Lymphocyte to monocyte ratio, 
PLR: Platelet to lymphocyte ratio, TC: Total cholesterol, WBC: White blood cell count
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biochemical changes, especially in the early stages. This study 
confirmed the increased risk by demonstrating the metabo-
inflammatory disturbance along with clinical cardiovascular 
dysfunction, and quantitatively and visually demonstrated 
which biological and structural components contribute to 
this risk. The high NLR and PLR, and low LMR, values in 
PD patients are consistent with recent literature emphasizing 
the role of peripheral inflammation in the pathogenesis and 
progression of PD.14-16 In particular, NLR is quantitatively 
associated with increased PD risk (OR=1.83 and 1.92, 
respectively)17 and correlates with carotid atherosclerosis.18 
Furthermore, the NLRP3 inflammasome pathway has been 
reported to contribute to atherosclerosis and dopaminergic 
neurodegeneration in PD models.19 However, these studies 
have evaluated inflammatory indices in the context of 
neurological progression. In our study, these indices were 
directly associated with carotid plaque morphology, cardiac 
dysfunction, and ML-based atherogenic risk scores. In 
particular, the emergence of LMR as the most dominant 
predictor, with a 100% normalized SHAP significance value, 
suggests that this parameter may be a critical biomarker of 
atherosclerotic risk. Data on LMR having such a central role at 
this level are limited in the literature; therefore, this finding is 
one of the most original contributions of our study. Regarding 
the CRP role, there are some inconsistencies in the literature. 
Although some studies have not found a direct association 
between CRP levels and PD risk or progression,20 we suggested 
that CRP should be considered a reflection of increased 
cardiovascular risk in early-stage PD rather than a primary 
initiator. The fact that CRP is the second most influential 
variable after LMR in the SHAP analysis suggests that CRP 
should not be overlooked in clinical risk stratification.

Metabolic dysfunction was clearly detected in our study, 
paralleling inflammatory findings, with significantly higher 
fasting glucose, HbA1c, triglyceride levels, and TG/HDL-C 
ratio in PD patients. Yu et al.21 emphasized that the relationship 
between PD and diabetes is not only epidemiological but 
also based on common pathophysiological mechanisms 
such as mitochondrial dysfunction, oxidative stress, and 
insulin signaling disorder. Sian-Hulsmann et al.22 suggested 
that glucose-lipid metabolism disorder creates a systemic 
metabolic phenotype in PD. Our study supports this 
theoretical framework with concrete clinical and imaging 
findings. The high ranking of glucose metabolism variables 
in the SHAP index suggests that metabolic impairment is a 
central component of atherogenic risk.

This holistic approach has rarely been applied in the 
literature, thereby enhancing the originality of our study. 
Important findings from echocardiographic and carotid 
ultrasound evaluations provide evidence of an increased 
atherogenic burden in patients with early PD. A significantly 
higher prevalence of LV dysfunction (28.8% vs. 0% in the 
control group) and aortic insufficiency (20.0% vs. 0% in the 
control group) was observed in the PD cohort, indicating a 
greater burden of valve and myocardial disease in patients 
with PD. Although the relationship between PD and heart 
failure is controversial, our data suggest that PD patients 
may be more prone to LV dysfunction triggered by chronic 

hypertension and autonomic dysfunction.23 A previous study 
by Yan et al.24 reported no statistically significant difference 
between the PD and control groups in terms of intima-media 
thickness and carotid plaque incidence, and even suggested 
that the incidence of ischemic cerebrovascular disease was 
reduced in PD patients. The findings of the current study 
directly contradict these claims. This difference is likely due 
to several main factors: First, the current study used the 
more detailed and clinically decision-support tool-relevant 
AHA-ACC plaque classification criteria. This classification 
categorizes plaques by their specific composition and 
instability, providing a much deeper understanding of plaque 
"quality" and "instability" than simpler measures, such as 
global IMT or global echogenicity, used in previous studies. 
Second, the current study focused specifically on early-stage 
PD. The atherogenic process and plaque morphology develop 
differently in early stages compared with more advanced 
stages or previous studies that included a wider range of PD 
stages, obscuring early vascular changes due to confounding 
factors or drug effects. Third, the relatively larger sample size 
of the current study compared with other studies may have 
provided greater statistical power to detect these significant 
differences. These findings provide quantitative imaging 
evidence that cardiovascular damage in early PD is theoretical 
and manifests as concrete, high-risk atherosclerotic changes 
in the carotid arteries. This reinforces the need for detailed 
vascular imaging beyond simple stenosis assessment in this 
patient population.

ML approaches represent a paradigm shift in cardiovascular 
disease risk prediction, providing dynamic, scalable solutions 
that integrate diverse data types and improve traditional 
risk models. In this respect, Kasartzian and Tsiampalis25 
demonstrated that ML-based risk models surpass traditional 
scores and offer advantages, particularly in heterogeneous 
data integration. Cao et al.26 reported that XGBoost models 
can achieve 74–99% accuracy and high ROC-AUC values 
in CVD prediction. Our study is unique in the literature in 
that it demonstrates this high performance in the context 
of an atherogenic risk specific to early-stage PD and can 
be explained by SHAP. The high performance of XGBoost 
in this study is consistent with its reported superiority 
and high accuracy in various heart disease prediction 
tasks.26 In the SHAP model, LMR stands out as the most 
influential determinant, followed by CRP, basic metabolic 
factors, structural cardiac data, and specific carotid plaque 
characteristics. Although the existing data on the role of 
LMR, NLR, and PLR in PD indicate that some studies have 
shown different associations or mixed results regarding the 
incidence of PD,27 their apparent importance in this study 
emphasizes the roles of these markers in the atherogenic 
process and the risk of cardiogenic pathologies, especially in 
early PD. SHAP analyses clearly show that the inflammation-
metabolism axis plays a dominant role in atherosclerotic risk. 
The high ranking of variables such as LMR, CRP, glucose, 
and age suggests that classical risk factors are also valid in 
the context of PD; however, they become more effective on 
an inflammatory basis specific to PD. Although the study by 
Uçar et al.27 found a limited association between LMR and 
PD incidence, the central role of LMR in atherogenic risk in 
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early PD in our study suggests that this parameter should be 
re-evaluated across different clinical contexts. Low LMR and 
high CRP, as an indicator of chronic low- grade inflammation 
and immune system dysregulation, play a central role in the 
development and progression of atherosclerosis. Our research 
results are consistent with the literature,28 suggesting that 
inflammation is a risk factor for atherosclerosis. Impaired 
glucose homeostasis and dyslipidemia in PD patients 
underlie the increased risk of cardiovascular disease in this 
population. This suggests an interconnected role of metabolic 
dysregulation and vascular risk factors in the complex 
pathophysiology of PD.

Limitations
Some methodological limitations of this study should be 
considered. The cross-sectional design of the study limits the 
ability to draw causal inferences for the observed relationships. 
The study was conducted at a single center, and the sample size 
remained moderate, which may limit the generalizability of 
the findings. Furthermore, due to the cross-sectional nature 
of this study, our findings represent a classification of current 
phenotypes rather than a longitudinal prediction of future 
cardiovascular events. Future prospective, multi-center 
studies with large-scale cohorts are warranted to evaluate 
the long-term prognostic utility of the proposed model. The 
lack of follow-up on long-term clinical outcomes may lead 
to incomplete data when evaluating the performance of the 
developed model's clinical decision-support tool; however, the 
current results provide a solid foundation for prospective and 
multicenter studies.

CONCLUSION
In this study, we defined a distinct, multi-dimensional, and 
measurable atherogenic risk profile in early-stage idiopathic 
PD. Our analyses, which included clinical, biochemical, and 
imaging data, showed that systemic inflammation, immune-
hematological imbalance, and metabolic disorders are 
increased in PD patients. The quantitative and qualitative 
findings obtained from the study demonstrate that the 
atherogenic burden in early PD is characterized not only by 
increased frequency but also by more stable plaque types and 
cardiac involvement. Our XGBoost classifier, developed for 
integrating multimodal data, demonstrated strong overall 
performance on the hold-out test set. The model's SHAP-
based interpretability quantitatively revealed which axes fuel 
the risk signal, with LMR being the most dominant predictor, 
followed by CRP and glucose-metabolic markers. These results 
clarify that the inflammation-metabolism axis is the primary 
driver of atherogenesis in PD, with structural cardiac and 
plaque characteristics providing additional contributions. The 
high accuracy of the model and the transparency provided by 
SHAP increase its clinical applicability by answering not only 
the question of "who is at high risk,” but also "why they are 
at high risk." In these respects, the study provides a unique 
and applicable contribution to the literature on the PD-
CVD relationship, both methodologically and biomedically. 
However, multicenter prospective studies, long-term clinical 

follow-up, and external validation are necessary to ensure the 
generalizability of the results.
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