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Abstract. Chikusetsusaponin V’s (CsV) effects on Endothelial Nitric Oxide Synthase (eNOS) and vascular endothelial
functions were the focus of this investigation. Various CsV doses were introduced into in vitro cultures of Bovine Aortic
Endothelial Cells (BAECs), Human Umbilical Vein Endothelial Cells (HUVECS), and animal models. To evaluate the impact of
CsV on endothelial activities, vascular stiffness, eNOS mRNA and protein expression, and Nitric Oxide (NO) production were
examined using quantitative PCR (qPCR), Western Blotting (WB), and B-ultrasound imaging. Protein mass spectrometry,
molecular docking, bioinformatics, and network pharmacology were further applied to predict upstream transcription factors and
molecular interactions regulating eNOS activity. Complementarily, advanced machine learning (ML) models including neural
networks, Random Forests (RF), Support Vector Machines (SVM), and RF—Fuzzy Logic were employed to predict endothelial
responses under varying CsV conditions. The neural network achieved the highest predictive accuracy (86.36%), while the RF—
Fuzzy Logic model demonstrated superior precision (90.91%) and recall (83.33%). Feature importance analysis identified
impedance modulus and water contact angle (WCA) as critical determinants of CsV-induced endothelial regulation. These
findings provide nano- and molecular-level insights into the mechanisms by which CsV modulates endothelial function,
integrating experimental assays with ML-driven predictions to inform potential therapeutic strategies for cardiovascular

diseases.
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1. Introduction

The heart’s interior walls, blood arteries, and lymphatic
vessels are lined by ECs, a thin layer of flattened cells
(Trimm and Red-Horse 2023). Among their critical
functions are the regulation of blood flow dynamics, the
facilitation of oxygen and nutrient transport, the assistance
of immune cell trafficking, and the preservation of tissue
balance. Furthermore, various mediators, including vaso-
constrictors and Nitric Oxide (NO), are produced and
secreted by the endothelium to orchestrate the complex
regulation of vascular tone (Godo and Shimokawa 2017).
The main causes of endothelial dysfunction include
decreased generation of vasodilators and poor function of
ECs. The importance of this dysfunction as a precursor to
cardiovascular illnesses is becoming more acknowledged,
leading to increased attention. Measurements of the brachial
artery’s Flow-Mediated Dilation (FMD) have recently
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emerged as the gold standard for evaluating endothelial
function, but other approaches exist (Flammer et al. 2012).
Research conducted by (Inaba et al. 2010) and (Green et al.
2011) has shown that FMD may independently predict
cardiovascular events. According to research conducted by
(Ras et al. 2013), those with no prior cardiovascular issues
may reduce their risk of cardiovascular disease by 4% for
every 1% rise in FMD; on the other hand, hypertension and
other cardiovascular risk factors are associated with a 13%
decrease in risk for every 1% rise in FMD (Inaba et al.
2010). Thus, avoiding or at least lessening endothelial
dysfunction is of utmost importance. Exercise improves
endothelial function and reduces the risk of cardiovascular
ilinesses; it is also easy to perform and convenient. Type 2
diabetics’ endothelium function was shown to be enhanced
by exercise training, namely aerobic and mixed exercise,
according to a meta-analysis (Qiu et al. 2018). Similarly,
(Chen et al. 2023) found that concurrent exercise may
improve endothelial function and decrease arterial stiffness
in individuals with type 2 diabetes. Lew et al. (Lew et al.
2022) found similar results, indicating that exercise training
may enhance endothelium function in healthy post-
menopausal women. Notably, endothelial function in
hypertensive persons may be improved with exercise
training. A comprehensive analysis of endothelial function
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in prehypertensive and hypertensive individuals found that
hypertensive individuals could benefit from regular
moderate-intensity AE, prehypertensive individuals could
benefit from High-Intensity Interval Training (HIIT), and
Resistance Exercise (RE) could be an additional option for
improving endothelial function (Waclawovsky et al. 2021).
In addition, AE improved endothelial function in obese and
overweight people (Cortes et al. 2023). In addition,
endothelial function was favorably affected by AE and RE
in people in good health (Shivgulam et al. 2023). Exercise
training enhances endothelial function even in heart failure
patients with a decreased ejection fraction (Pearson and
Smart 2017). However, research on the impact of various
forms of exercise on endothelial function in middle-aged
and elderly persons has shown contradictory findings. This
population may respond differentially to various forms of
exercise, including AE, RE, and HIIT, concerning FMD. At
this time, it is not known which kind of exercise best
enhances endothelium function in middle-aged and elderly
persons. The vascular endothelium is the lining of the
cardiovascular system, which is continuous and just one cell
thick (Amelio et al. 2014, Anderson et al. 2018).
Atherosclerotic lesions are caused by EC dysfunction,
which becomes apparent in sections of arterial arteries
prone to disease. The intima is penetrated by blood-borne
Low-Density Lipoprotein (LDL) particles, which bind to
monocytes via defective ECs. Foam cells result from
monocyte differentiation into macrophages (Andriani et al.
2016). To create fibromuscular plaques, pro-inflammatory
ECs and foam cells release growth factors and chemokines,
which interact with smooth muscle cells (Aviv et al. 2001).
Changing vascular morphology causes alterations to the
blood vessel’s blood flow patterns. An important
hemodynamic factor in EC and vascular homeostatic
homeostasis is the steady or pulsing LSS (Breitling et al.
2004) typical of the straight artery. Anxieties, proliferative,
apoptotic, anti-monocyte adhesion, and anti-thrombotic are
only a few of its many actions (Clarke et al. 2008, Childs et
al. 2018). The anti-atherosclerotic responses, including the
expression of Endothelial Nitric Oxide Synthase (ENOS)
(Du et al. 2010, Costarelli et al. 2017), transcription factors
nuclear factor-E2-related factor 2 (Nrf2) (Guerrero et al.
2015, Gytz et al. 2017), and Krippel-like factor 2 (KLF2)
(Hastie and Stuetzle 1989, Hebbel et al. 2020), are
promoted by LSS, which also inhibits monocyte adhesion
and Vascular Smooth Muscle Cell (VSMC) proliferation
(Coppé et al. 2010, Anderson et al. 2018). On the other
hand, the OSS becomes the LSS at the carotid bifurcation or
aortic arch (Hughey and Butte 2015). Microvascular and
epicardial endothelial dysfunctions are directly linked to
local OSS, which makes it more likely that early coronary
AS will arise and progress (Jaffe et al. 1973). On top of
that, OSS speeds up the development of AS and makes
plaque more susceptible to damage by increasing the
adhesion of leukocyte-ECs and inducing the release of
inflammatory cytokines in ECs (Johnson et al. 2007, Jia et
al. 2019). One of the main causes of AS is the activation of
ECs and an increase in the permeability of the EC
monolayer, both of which are linked to persistent
inflammation in OSS (Jong et al. 2013). ML has become a

transformative tool in biological research, allowing scientists
to handle the vast amounts of complex data generated by
modern experimental techniques (Yazdani et al. 2021a). ML
algorithms drive discoveries across various fields, from
genomics and proteomics to cellular imaging and
personalized medicine, by uncovering patterns, predicting
outcomes, and streamlining analyses. One significant
advantage of ML in biological research is its ability to
handle high-dimensional datasets, such as those from
genomics or transcriptomics, where millions of data points
and hundreds of variables can make manual analysis
challenging (Mohammadhassani et al. 2014, Naghipour et
al. 2020). ML models manage these complexities by
identifying key features, filtering noise, and providing
accurate and interpretable results (Naghipour et al. 2020).
In addition to managing data, ML excels at pattern
recognition, which is essential for classifying cells,
identifying disease subtypes, and differentiating between
healthy and diseased tissue. This capacity makes ML
invaluable for diagnostics and personalized medicine,
where algorithms can guide individualized treatment by
predicting responses to therapies based on patient-specific
data. Furthermore, ML models, intense learning techniques,
are adept at revealing complex relationships within
biological systems, modelling intricate interactions between
genes, proteins, and environmental factors that are often
challenging to decipher with traditional approaches. ML
also plays a pivotal role in enhancing imaging diagnostics.
Convolutional Neural Networks (CNNs) and other ML
algorithms are widely used to analyze medical images,
allowing for precise detection and classification of
abnormalities, such as cancerous cells. This has led to more
accurate diagnostics and informed decision-making in
clinical settings. Moreover, in drug discovery, ML is
accelerating progress by predicting the efficacy and safety
of drug candidates, reducing the time and costs associated
with bringing new treatments to market. ML is
revolutionizing biological research by empowering
researchers to interpret complex data, identify hidden
patterns, and make data-driven predictions. Its applications
reshape fields like genomics, medical imaging, and
personalized medicine, contributing to more precise
diagnostics, targeted therapies, and expedited scientific
discoveries. With the increasing complexity and volume of
biological data, machine learning remains crucial for
advancing the understanding of life at a molecular level and
improving the effectiveness of healthcare solutions. This
study aims to investigate the nano and molecular
mechanistic effects of CSV on vascular endothelial
function, emphasising enhancing understanding through
advanced ML techniques. By analyzing endothelial cell
responses to CSV, this research aims to identify complex
patterns in cellular adhesion strength, a critical factor in
vascular health and disease development. Novelty is
introduced by comparing the performance of three distinct
ML models neural networks, RF, and SVMs each focusing
on accurately predicting endothelial adhesion strength under
varying CSV conditions. This approach contributes to
vascular biology by providing a data-driven framework to
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Fig. 1 Flowchart of data preprocessing and feature extraction for corrosion analysis

Table 1 Corrosion resistance and characterization of coatings

Sample Nyquist Plot Impedance Modulus |Z| (Q-cm3  WCA (° + SD) Ecorr (V) icorr (A/lcm3
ZE21B 193 456°+2.3 -1.701 8.418E-05
PMBP 45710 40.8°+ 15 -1.566 4.904E-07
MgF: 49353 7.95°+0.4 -1.620 4.176E-07
SF 64122 28.5°+ 3.2 -1.549 3.659E-07
SF/(EGCG-Cu) 2 70295 37.0°+6.6 -1.499 3.661E-07
SF/(EGCG-Cu) /HA 93478 26.1°+ 2.1 -1.476 2.017E-07

model endothelial responses, offering insights that may
optimize drug delivery and therapeutic interventions. This
study addresses key challenges such as overfitting and data
noise through advanced analytics, ensuring robust,
interpretable  predictions that could transform the
understanding of endothelial function in cardiovascular
health (Shariati et al. 2022).

2. Materials and methods
2.1 Data collection

In this study, the data collection process focused on
assembling a high-quality dataset specifically targeting
endothelial cell responses to CSV, using information
adapted from the foundational research by Qianying Jia et
al., titled "endothelium-mimicking with NO-generating
coating on bioabsorbable magnesium alloy for improving
corrosion resistance and biological responses of vascular
stents (Jia et al. 2024). This dataset provided vital insights
into endothelial cell adhesion strength under CSV. It
included critical features such as impedance modulus (|Z]),
WCA, Electrochemical corrosion potential (Ecorr), and
corrosion rate (Shariati et al. 2020a). These parameters
were chosen to reflect essential aspects of endothelial cell
responses, precisely adhesion strength and corrosion

resistance, directly aligning with the objectives of this
research (Zhang et al. 2024). To ensure data accuracy and
model compatibility, preprocessing steps were rigorously
applied. Data cleaning methods addressed common issues
such as missing values, outliers, and noise, typical in
biological datasets. These measures were essential to
enhance data reliability and minimize distortions affecting
the model’s generalization ability. Normalization and
scaling techniques were applied to bring all features into
comparable ranges, which is critical for compatibility with
ML models sensitive to data scale variations (Song and Liu
2021). Fig. 1 illustrates the data preprocessing and feature
extraction workflow for corrosion analysis, including steps
such as dataset assembly, data cleaning, normalization, and
extraction of key features like impedance modulus, WCA,
corrosion potential, and corrosion rate. Table 1 illustrates
the corrosion resistance and characterization of various
coatings, providing a comparative analysis of their
performance and properties.

Furthermore, data transformation and augmentation
techniques were employed to improve the model’s robustness
and adaptability. These techniques expanded the dataset’s
diversity, enabling the capture of a broader spectrum of
endothelial responses under varying CSV conditions.
Simulating different experimental scenarios through
transformations made the dataset more versatile, thus
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enhancing the ML model’s capacity to make accurate and
generalizable predictions across varied contexts. Each step,
from source selection to data cleaning, normalization, and
augmentation, was essential in preparing a dataset that
accurately represents endothelial cell behavior under CSV
conditions and meets practical ML analysis requirements.
Fig. 2 compares the impedance modulus |Z| (in Q- cm?)
across various samples. The sample "SF/(EGCG-Cu)2/HA"
exhibits the highest impedance, indicating superior resistance,
while "ZE21B" has the lowest. This suggests improved
electrochemical properties for the "SF/ (EGCGCu)2/HA?

sample compared to others. Fig. 3 compares the corrosion
potential (E.,., ) and corrosion current density (i, ) across
various samples, illustrating corrosion resistance. E_g,
(red line) shows a progressive increase from ZE21B to
SF/(EGCG-Cu)2/HA, indicating improved corrosion
resistance. Meanwhile, i, (blue dashed line) remains
nearly zero for most samples, reflecting minimal corrosion
rates. The sample SF/(EGCG — Cu)2/HA, with the highest
E.., and lowest i, , demonstrates the best corrosion
resistance, highlighting its superior electrochemical
properties.
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Table 2 Coating Characterization - WCA

Sample WCA
ZE21B 456°+2.3°
MgF: coating 7.95°+0.4°
PMBP 40.8°+1.5°
SF sample 28.5°+ 3.2°
SF/(EGCG-Cu) » 37.0°+6.6°
SF/(EGCG-Cu) /HA 26.1°+2.1°

2.2 ML models

This study’s selection of ML models was grounded in
their ability to capture complex, non-linear patterns and
interactions inherent to biological data. Neural networks,
RF-fuzzy logic, and SVMs were chosen because of their

25

30 35 20 25

wea (%)
Fig. 5 Relationship between WCA and SD for Different Samples

strengths in addressing varied data structures and model
complexity requirements. Neural networks are particularly
adept at modeling non-linear relationships and capturing
high-level abstractions in data, making them suitable for
handling the intricacies of endothelial cell responses. RF-
fuzzy logic provides robust interpretability and performs
well on structured data using an ensemble of decision trees,
capturing diverse feature interactions while minimizing
overfitting risks (Kasahun and Legesse 2024). SVM,
beneficial with high-dimensional datasets, is highly effective
for classification tasks with a well-defined margin, making
them appropriate for differentiating patterns in endothelial
responses under different CSV conditions. Each model
brings unique advantages, creating a comprehensive analytical
approach to the study’s objectives (Sanli et al. 2020). Table
2 provides the coating characterization based on the WCA,
demonstrating the hydrophobicity properties of the coated
surfaces.
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2.2.1 Neural networks

The architecture and structure of the neural network
model were tailored to capture the complex patterns in
endothelial cell responses under CSV conditions. The
model architecture includes multiple layers, starting with an
input layer that ingests data related to parameters like
impedance modulus (|Z]), WCA, Ecorr, and corrosion rate.
Hidden layers were configured with a variable number of
neurons to allow sufficient capacity to learn the intricate
relationships within the data (Sanli et al. 2020). Activation
functions such as Rectified Linear Unit (ReLU) were
chosen for the hidden layers due to their efficiency in
learning non-linear patterns while avoiding the vanishing
gradient problem, which can hinder learning in deep
networks. Fig. 4 displays the WCA for different samples,
reflecting their surface wettability. ZE21B exhibits the
highest WCA, indicating a more hydrophobic surface, while
the MgF2 coating shows the lowest WCA, suggesting more
excellent hydrophilicity. Other samples, such as PMBP,
SF/(EGCG-Cu)2, and SF/(EGCG-Cu)2/HA, demonstrate
intermediate values, implying moderate wettability. The
error bars represent the Standard Deviation (SD),
highlighting the consistency of the measurements. Fig. 5
illustrates the WCA and SD relationship for various
samples. As WCA increases, the SD generally appears to
vary, with some higher WCA values associated with larger
SDs, indicating more significant variability in measurements.
Samples with lower WCA exhibit smaller SDs, suggesting
more consistent results for hydrophilic surfaces. This plot
highlights the variability of surface wettability across
different samples. The output layer utilized a sigmoid
activation function, suitable for binary classification tasks,
as it maps output probabilities between 0 and 1, enabling
straightforward interpretation of endothelial cell responses
(Park and Kim 2021). The configuration of the neural
network was optimized through several key hyperparameters.

The learning rate was set at a moderate level to balance
convergence speed and model stability (Arevalo-Rodriguez
et al. 2020). At the same time, the number of epochs was
determined based on validation performance to avoid
underfitting or overfitting (Zhou et al. 2024). Batch size
was selected to control memory usage and influence the
model’s generalization ability across the dataset (Barkhordari
and Qi 2025).

Hidden layers used regularization methods like dropout
to prevent overfitting by training the network to build strong
feature representations by arbitrarily setting a percentage of
input units to zero. The goal of fine-tuning this dropout rate
was to strike a compromise between the capacity of the
model and its generalizability (Hebbel et al. 2020, Zhao et
al. 2025). Fig. 6 illustrates the variation in Ecorr (V) (red
line) and icorr (A/cm3 (blue line) across different samples.
The Ecorr values increase progressively, indicating
improved corrosion resistance, while icorr decreases
significantly, highlighting reduced corrosion rates. This
trend reflects better protective properties for the SF/
(EGCG-Cu)2/HA coating than other samples. Table 3
illustrates the Potentio Dynamic Polarization (PDP)
parameters, showcasing the key electrochemical characteristics
analyzed in the study. The dataset was partitioned into
training, validation, and test sets during training so the
model could learn and assess its performance without
overfitting (Marti-Carvajal et al. 2015a). The data was
divided as follows: 70% for training, 15% for validation,
and 15% for testing, following a usual split ratio of
70:15:15 (Montero-Oleas et al. 2020, Mayorga-Ramos et al.
2022). The model’s weights were fine-tuned using the
Adam optimizer. This well-liked optimization method
combines the strengths of RMSProp and the Adaptive
Gradient Algorithm (AdaGrad) for more rapid and steady
convergence (Simancas-Racines et al. 2015).

The Adam optimizer’s capacity to dynamically modify
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Table 3 PDP Parameters

Table 4 Weight Loss and Corrosion Rate

Sample Ecorr (V) icorr (A/lcm?3 Sample Weight Loss after Immersion in SBF
ZE21B -1.701V 8.418E-05 A/lcm=2 ZE21B Largest weight loss observed
MgF: -1.620V 4.176E-07 Alem?2 SF-based samples Minimum welgrr;; ilscizz,clgdlcatmg better
PMBP -1.566 V 4.904E-07 Alcm?2
SF -1.549V 3.659E-07 A/lcm2
SF/(EGCG-Cu) - -1.499 Vv 3.661E-07 A/lcm2 predicting endothelial cell adhesion strength and other
SF/(EGCG-Cu) »/HA 1476V 2 017E-07 Alcm?2 responses under CSV conditions (Chérrez-Ojeda et al.

learning rates depending on data properties was a deciding
factor for complicated biological datasets with different
feature distributions (Fuentes et al. 2018, Simancas-Racines
et al. 2018). Various evaluation techniques were implemented
during training to ensure the model’s performance was
generalized well (NGfez-Gonzélez et al. 2020c). Cross-
validation was used to validate model performance across
different subsets of the training data, reducing the chances
of model bias (Marti-Carvajal et al. 2015). Early stopping
was incorporated to prevent overfitting; this involved
halting training when the validation performance stopped
improving, ensuring that the model did not memorize the
training data but generalized well to unseen data (Molano-
Franco et al. 2023, Zambrano et al. 2023). Additionally,
loss and accuracy were continuously monitored during
training to track the model’s learning progression and fine-
tune hyperparameters if needed (Franco et al. 2018b). This
rigorous evaluation approach facilitated the development of
a robust neural network model capable of reliably

2018, Nufiez-Gonzélez et al. 2020b). Figure 7 illustrates the
step-by-step flowchart for selecting and developing a
machine learning model, outlining the process’s key phases
and decision points. Table 4 illustrates the relationship
between weight loss and the corrosion rate, providing
detailed measurements and trends observed in the study.

2.2.2 RF with fuzzy integration

The RF model was implemented to leverage its ensemble-
based approach, which combines multiple decision trees to
improve predictive accuracy and robustness (Cherrez-Ojeda
et al. 2020, Guevara-Ramirez et al. 2022). For this study,
the configuration of the RF model included integrating
fuzzy logic with a carefully selected number of trees
(estimators) to ensure sufficient model stability while
avoiding excessive computational demands (Kim 2024).
Typically, between 100 and 500 trees were used, with an
exact number chosen based on validation results to balance
model complexity and performance (Simancas-Racines et
al. 2023, Chapela et al. 2024). The maximum depth of each
tree was also tuned; a controlled depth ensured that each
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tree could capture necessary details in the endothelial
response data without overfitting to noise (Guevara-
Ramirez et al. 2023). Node splitting within the trees was
based on criteria such as Gini impurity or entropy, with
Gini impurity preferred for its efficiency in assessing split
quality (Bao et al. 2018, Chen et al. 2025). The integration
of fuzzy logic introduced an additional layer of decision-
making at the split level, where fuzzy membership
functions were used to evaluate the degree of data points
belonging to specific categories (Arevalo-Rodriguez et al.
2021, Ruiz-Pozo et al. 2023). This approach enabled the RF
model to make more nuanced splits at each node, improving
its ability to classify diverse endothelial responses under
CSV conditions. By incorporating fuzzy logic, the RF
model gained an enhanced capacity to manage the
variability and ambiguity inherent in biological data, further
improving its predictive performance and reliability in
analyzing endothelial adhesion strength (Li et al. 2024, Liu
et al. 2024). Hyperparameter tuning was critical in
optimizing the RF model for reliable and generalized
performance (Marti-Carvajal et al. 2015b). A combination
of grid search and cross-validation techniques was
employed to refine parameters like tree depth, the number
of trees, and the minimum samples required to split a node
(Montero-Oleas et al. 2017, Simancas-Racines et al. 2019).
Grid search allowed for systematic exploration of
hyperparameter combinations, while cross-validation
evaluated model performance across different data subsets,
reducing the likelihood of overfitting (Zandi et al. 2018,
Shariati et al. 2020b). This tuning helped optimize the
model’s accuracy and precision, capturing meaningful
patterns within the complex endothelial cell data
(Ghezelbash et al. 2019, Daviran et al. 2021). An essential
feature of the RF model in this study was its ability to
provide feature importance scores, which quantified the
contribution of each input feature (e.g., impedance modulus
|Z], WCA, Ecorr, and corrosion rate) to the model’s
predictions (Paz-Cruz et al. 2023, Ruiz-Pozo et al. 2024).
By analyzing the importance of features, the model
highlighted which parameters had the most substantial
impact on endothelial cell adhesion strength (Trung et al.
2019). This interpretative aspect of RF was precious, as it
offered insights into the underlying biological factors
influencing endothelial responses under CSV conditions
(Montesinos-Guevara et al. 2022, Zambrano et al. 2024b).
Understanding the relative importance of features helped
clarify each parameter’s mechanistic role, guiding the
interpretation of model results and identifying which
characteristics are most critical in endothelial cell behavior
(Bonfill et al. 2015). This interpretability aligns with the
study’s objectives to predict responses and deepen
understanding of CSV’s mechanistic effects on endothelial
function (Sun et al. 2019).

2.2.3 SVMs

The SVM model was chosen for its effectiveness in
handling high-dimensional data and its capability to
distinguish complex, non-linear patterns, making it suitable
for predicting endothelial cell responses under CSV
(Simancas-Racines et al. 2017). Various kernel types were

explored during model development, including linear and
Radial Basis Function (RBF) kernels. The RBF kernel was
ultimately selected as the most suitable due to its flexibility
in capturing non-linear relationships among features like
impedance modulus (|Z[), WCA, Ecorr, and corrosion rate
(Zambrano-Sanchez et al. 2022). Unlike the linear kernel,
which assumes linear separability, the RBF kernel can map
the input data into a higher-dimensional space, effectively
capturing the intricate dependencies between features that
characterize endothelial cell responses (Chapela et al. 2023,
Yang et al. 2025). Parameter optimization was crucial to
developing the SVM model to ensure balanced performance
and robustness (Chérrez-Ojeda et al. 2020). The critical
parameters optimized were the regularization parameter (C)
and the kernel coefficient (gamma). The regularization
parameter C controls the trade-off between achieving a low
error on the training data and maintaining a smooth decision
boundary, which prevents the model from overfitting
(Salazar et al. 2021, Muscogiuri et al. 2024). A high C
value emphasizes the correct classification of training
samples, while a lower value allows for a more generalized
decision boundary (Verde et al. 2024). The gamma
parameter, specific to the RBF kernel, defines the influence
of individual training examples (Song et al. 2024, Peng et
al. 2025). Higher gamma values mean that points closer to
the decision boundary are given greater importance,
allowing the model to capture complex patterns but at the
risk of overfitting (Simancas-Racines et al. 2019, Reytor-
Gonzélez et al. 2024). A grid search method was used to
systematically explore different combinations of C and
gamma values, with cross-validation applied to identify the
settings that achieved the best accuracy without overfitting
(Shao et al. 2012). The training process for SVMs involved
splitting the dataset into training, validation, and test sets to
evaluate model performance across different phases
(Jahandari et al. 2022). This step ensured that the model
was accurate on the training data and generalized well to
new, unseen data (Cadena-Ullauri et al. 2024b, Tamayo-
Trujillo et al. 2024). In cases where data imbalances were
present for example if specific endothelial responses were
underrepresented resampling techniques or class-weight
adjustments were applied to balance the influence of each
class during training (Yang et al. 2022, Yang et al. 2024).
This approach helped the SVM model remain sensitive to
all categories of endothelial responses, improving its
reliability across a diverse range of CSV conditions
(Calderon et al. 2017). By carefully tuning parameters and
managing data imbalances, the SVM model was optimized
to deliver high accuracy and meaningful predictions for
endothelial adhesion strength and other response metrics,
aligning with the study’s goals of using ML to deepen
understanding of endothelial function under CSV (Yang et
al. 2023, Zambrano et al. 2024a). Table 5 illustrates the
results of cell viability and NO release, providing detailed
insights into the cellular responses under different
experimental conditions.

2.3 Performance metrics

The performance of ML models was evaluated using
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Table 5 Cell Viability and NO Release

Contribution to
Endothelial Function
Improves endothelial

Sample NO Release Level

SF/(EGCG-Cu)2>  High NO release

function
SF/(EGCG-Cu) . Improves endothelial
2/HA High NO release function

both classification and regression metrics (Nufiez-Gonzéalez
et al. 2020d). For classification, accuracy was defined
as (TP+TN)/(TP+ TN+ FP+FN) , providing the
overall success rate of predictions (Hidalgo et al. 2012,
AbuShanab et al. 2023). To account for class imbalances,
precision (TP/(TP + FP)) measured the reliability of
positive predictions, while recall (TP /(TP + FN)) assessed
the ability to capture all true positives. Their balance was
expressed by the F1 score, calculated as 2 x (Precision x
Recall)/(Precision + Recall) (Rubio-Gallegos et al. 2019).
For regression tasks such as predicting impedance modulus
values, errorbased metrics were used (Choi et al. 2023,
Abood et al. 2024): Mean Absolute Error (MAE), given by
MAE = % ™ ly; — ¥:l, representing the average prediction
error (NUfez-Gonzélez et al. 2020a), and Mean Squared
Error (MSE), defined as MSE =% ™ (i — 9%, which
emphasized larger deviations (Franco et al. 2018a, Cadena-
Ullauri et al. 2024a).

For models like RF, feature importance analysis was
performed on predictions to determine the influence of
individual features, such as impedance modulus, water
contact angle, and Ecorr (Li et al. 2019). (Robeson and
Willmott 2023). Traditional feature importance was
calculated using the mean decrease in impurity or Gini
importance across decision trees, with higher scores
indicating greater relevance in predicting endothelial
responses. To enhance this analysis, fuzzy logic was
integrated, allowing the assessment of feature contributions
on a continuum rather than as binary outcomes
(Mohammadhassani et al. 2013). Fuzzy membership
functions assigned degrees of importance to each feature,
accommodating uncertainty and imprecision in the
biological data. This integration enabled a more nuanced
understanding of the critical factors influencing endothelial
adhesion strength and responses to CSV, providing a robust
framework for analyzing complex biological interactions
(Morales et al. 2021, Paz-Cruz et al. 2024). To further
support model interpretability, visualization methods, such
as Shapley Additive exPlanations (SHAP) and Local
Interpretable Model-agnostic Explanations (LIME), were
utilized (Avila et al. 2024). These methods helped in
explaining individual model predictions, thereby bridging
the gap between ML output and actionable biological
insights. SHAP values attributed portions of the prediction
outcome to specific features (Viteri-Garcia et al. 2018,
Montesinos-Guevara and Simancas-Racines 2019). At the
same time, LIME provided locally interpretable models
around each prediction, allowing more precise translation of
complex ML findings into meaningful interpretations for
endothelial cell function analysis (Canbek 2023).

2.4 Data processing workflow

The data processing workflow was designed to ensure
that the ML models were trained, validated, and tested
systematically and unbiasedly, maximizing their predictive
accuracy while minimizing overfitting (Verdugo-Paiva et
al. 2020). Data Splitting was conducted to allocate portions
of the dataset for different stages of model development.
The dataset was divided into training, validation, and testing
(Nugroho et al. 2023). The training set was used to develop
and adjust the model’s parameters, while the validation set
provided a basis for tuning model hyperparameters and
evaluating performance mid-process. Finally, the testing set
assessed the model’s effectiveness on unseen data,
simulating real-world conditions and enabling an unbiased
evaluation of generalization capabilities (Lépez et al. 2023).
Typically, an 80-10-10 or 70-15-15 split was applied,
ensuring a balanced distribution across all subsets and
preserving the integrity of the data throughout training and
evaluation. Cross-validation was implemented to enhance
the model’s robustness, particularly as a preventive measure
against overfitting. Using this method, the training data was
folded into many sets; one set was used as a validation set,
while the other was used as the training set (Shariati et al.
2021a). For example, a 5-fold cross-validation involves
dividing the dataset into five sections and training the
model five times, with one section used for validation and
the other for training (Safa et al. 2020). Evaluating the
model over multiple iterations ensures that a small subset
does not influence performance results, providing a more
accurate representation of the model’s correctness (Shariati
et al. 2020a). Cross-validation also proved helpful in
models where the dataset size might be limited, as it
maximized data usage by enabling each data point to serve
in both training and validation roles (Parvandeh et al. 2020,
Shen et al. 2020). Overfitting management strategies were
crucial to ensure that the models did not simply memorize
the training data but learned to generalize across new,
unseen data (Armaghani et al. 2020). Several techniques
were employed depending on the model type (Toghroli et
al. 2014). Regularization techniques like L2 were applied in
neural networks, penalizing large weights to discourage
overly complex models that might fit noise in the data.
Additionally, early stopping was used to halt training once
the validation performance plateaued or began to decline,
preventing the model from overfitting on the training set
(Kernbach and Staartjes 2022, Tran et al. 2022). Pruning
and hyperparameter tuning were used for RF models to
reduce model complexity and avoid overfitting. Pruning
limited the depth and size of individual trees within the
forest, preventing them from growing overly specific to the
training data, which could impair generalizability (Sedghi et
al. 2018, Shariati et al. 2022). To further enhance this
process, fuzzy logic was integrated to manage the
uncertainty in hyperparameter selection and pruning
criteria. For instance, fuzzy membership functions assessed
the trade-offs between model complexity and performance,
enabling more flexible and nuanced decision-making during
pruning (Shariati et al. 2021b). Hyperparameters such as the
number of trees, maximum tree depth, and minimum
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samples per leaf were adjusted using grid search or cross-
validation techniques, incorporating fuzzy-based evaluations
to identify configurations that minimized overfitting while
accounting for imprecisions in data patterns (Katebi et al.
2020, Yazdani et al. 2021b).

3. Results and discussion
3.1 Model performance

A structured approach is essential to comprehensively
compare and analyze the ML models, beginning with
clearly defining evaluation metrics. This study’s metrics are
chosen based on their relevance to assessing endothelial cell
responses under CSV. For classification, metrics such as
accuracy, precision, recall, and F1 score will provide
insights into each model’s ability to classify and balance
predictions correctly (Kernbach and Staartjes 2022).
Accuracy reflects the overall success rate, while precision
and recall help gauge the proportion of correct optimistic
predictions and the model’s sensitivity to actual positive
cases, respectively. The F1 score combines these into a
single measure, which is especially valuable for handling
imbalanced data. If continuous values are predicted, like
impedance modulus, error metrics like MAE and MSE will
capture the average prediction error and emphasize more
significant deviations. Additionally, interpretability metrics,
such as feature importance from RF—fuzzy and tools like
SHAP and LIME, will clarify the biological factors that
influence model predictions. Next, data is split into training,
validation, and testing subsets to ensure unbiased model
evaluation, typically in a 70-15-15 or 80-10-10 ratio. Cross-
validation, particularly k-fold cross-validation is applied to
mitigate overfitting by assessing model performance across
various subsets of the training data. This process improves
the reliability of performance estimates and maximizes data
utilization, which is especially beneficial when data is
limited. In the training phase, hyperparameter tuning for
each model enhances performance and ensures robustness.
For neural networks, settings like learning rate, batch size,
and dropout rate are tuned using grid or random search,
with validation performance monitored to prevent
overfitting. RF-fuzzy parameters, such as the number of
trees, depth, and split criteria, are optimized to balance
complexity and accuracy. SVM tuning focuses on kernel
type, regularization (C), and kernel coefficient (gamma),
with grid search and cross-validation ensuring each model
can generalize well. Once trained, the models are evaluated
on the testing set using predefined metrics. Visualization
techniques, including AUC-ROC and precision-recall
curves, assist in comparing classification models, while
scatter plots of predicted versus actual values provide
insight into regression model performance. Further, feature
importance analysis and interpretability tools, such as
SHAP, are employed to explore which parameters,
impedance modulus or Ecorr, are most influential in
predictions. For a deeper understanding, error analysis
identifies cases where models underperform, potentially
revealing data patterns or feature relationships that

influence errors. Overfitting checks involve comparing
training and validation scores; a significant disparity
suggests additional regularization might be necessary.
Interpretability tools also enhance biological insights by
clarifying model predictions, with SHAP values showing
individual feature contributions. Finally, findings are
summarized, emphasizing each model’s strengths in
prediction and interpretability. Statistical tests, like paired t-
tests or Wilcoxon signed-rank tests, determine if
performance differences are statistically significant.
Balancing quantitative metrics with interpretability, this
robust evaluation approach provides insights into the
models’ predictive power and underlying biological
relationships, aligning with the study’s objectives of
understanding endothelial responses to CSV conditions.
This careful integration ensures the findings are both
actionable and scientifically robust, laying the foundation
for future applications in clinical or therapeutic contexts.

3.2 Model performance evaluation

Three ML models, neural networks, RF-fuzzy, and
SVM, were tested for their ability to predict endothelial cell
responses under CSV. Various metrics were utilized for
evaluation, including accuracy, precision, recall, F1 score,
MAE, and MSE. The model’s capacity to categorize,
forecast, and generalize the biological consequences
associated with endothelial cell adhesion under different
situations is enhanced by each measure.

3.2.1 Accuracy

Accuracy reflects the overall correctness of a model’s
predictions. The ratio of correct predictions to the total
number of forecasts determines it.

TP+ TN (1)
TP+TN+FP+FN

where TP = True Positives, TN = True Negatives, FP =
False Positives, and FN = False Negatives. The provided
confusion matrix can be utilized to compute the accuracy of
each model, enabling a comparison of their overall
performance. For instance, if the confusion matrix for one
model shows the following values:

Accuracy =

TP =50, TN = 45, FP = 5, FN = 10 @)
Then,

R _ 50+45 95

Y =50+ 45+5+10 110 3)

= 0.8636 or 86.36%

3.2.2 Precision

Precision shows how many of the predicted positive
cases were positive. It is beneficial when minimizing false
positives, which is crucial for predicting critical endothelial
responses such as

TP
e TP 4
Precision TP+ FP ( )
. 50 50 5)
Precision = —— = — = 0.9091 or 90.91% (

~50+5 55
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3.2.3 Recall (Sensitivity)

Recall or sensitivity or the true positive rate indicates
the proportion of actual positive cases the model
successfully identifies. This metric is essential when
capturing all positive cases, such as detecting endothelial
dysfunction as:

TP

= — 6

Recall TPTFN (6)

Recall = —2 =20 _ 08333 or 83.33% @
Al =T r10 60 OCIROrEeesh

The F1 score takes the harmonic mean of recall and
accuracy to achieve a balanced trade-off medium between
the two measures. Because it treats false positives and false
negatives equally, it works well with datasets that aren’t
balanced:

F1§ 5 Precision X Recall ®)
=2 X
core Precision + Recall

If a model has a precision of 0.67 and a recall of 0.625,

the F1 score would be:

0.67 x 0.625
0.67 + 0.625

The F1 score is a valuable metric, providing a single
statistic that integrates both recall and precision. Because it
treats false positives and false negatives equally, it is
particularly effective for imbalanced datasets and is
especially relevant for predicting endothelial adhesion
strength, where it helps improve the reliability of positive
predictions while reducing the likelihood of missing
essential adhesion cases.

F1 Score = 2 X =0.647 or 64.7%  (9)

3.2.4 Confusion matrix

A confusion matrix provides a summary of prediction
results for classification problems. It displays the number of
correct and incorrect predictions made by the model,
helping visualize the performance across all classes. The
confusion matrix is often used as the basis for computing
the metrics mentioned above.

3.3 MAE and MSE

For regression tasks, where the model predicts
continuous values like impedance modulus (|Z]), MAE and
MSE are used to measure the prediction errors. The MAE is
the mean of the absolute differences between predicted and
actual values, reflecting the average magnitude of errors in
a set of predictions as:

n
1
MAE == Iy, - | (10)
i=1

where y; is the actual value, y; is the predicted value, and
n is the number of predictions.

For example, if the true values for a sample of 5
observations are [3,5,7,9,11] and the predicted values are
[2.8,5.1,6.9. 8.7, 10.8], the MAE is:

MAE = 2 (|3 — 2.8 + |5 - 5.1| + |7 — 6.9] + 9 — (11)

8.7 +]11-108]) =< (0.2+01+0.1+03 +
02)=22=018

3.3.1 MSE

The MSE measures the average of the squared
differences between predicted and actual values, giving
more weight to larger errors as

1 n
— 02
MSE = nlé_l i =) (12)

MSE = é((3 —28)2 4 (5—5.1)2 + (7 — 6.9)2 + (9

—8.7)2 + (11— 10.8)2) (13)

This value indicates that the model’s predictions deviate

on average by +0.038 = 0.194 units from the actual
values.

3.4 Data splitting and cross-validation

The preparation of datasets for ML models relies
heavily on data splitting. This procedure guarantees that
models are trained, verified, and tested on separate, non-
overlapping subsets of data. This approach allows for
assessing whether the model has overfitted to the training
data and evaluating its generalizability. Training Set was
one of three primary subsets of the dataset employed in this
research. The model takes this data, learns the patterns, and
then tweaks its internal parameters to get the best match. It
usually takes up most of the dataset since the model needs a
lot of data to find patterns. A validation set is used to assess
the model’s performance during training and to fine-tune its
hyperparameters. This is made possible by optimizing the
model (by adjusting the learning rate or applying
regularization, for example) and receiving feedback on how
well it will perform on unknown data. Once the model has
been trained and refined, it is time to evaluate its
performance using the test set. To get an accurate picture of
the model’s performance in the actual world, this subset is
crucial for determining its generalizability to fresh,
unknown data. Data was typically divided as follows: 70%
for training, 15% for validation, 15% for testing, 80% for
training, 10% for validation, and 10% for testing, according
to this research. The dataset was partitioned into training,
validation, and testing subsets to ensure unbiased evaluation
of model performance. A 70-15-15 split ratio is frequently
adopted in studies where greater emphasis is placed on
model validation and testing, thereby reducing the risk of
bias and overfitting. Alternatively, an 80-10-10 split ratio is
commonly applied when sufficient data are available,
allowing a larger portion to be used for training and
improving the model’s learning capacity. The choice of
split ratio depends on dataset size and research objectives,
with smaller datasets benefiting from proportionally larger
validation and test sets to preserve generalizability.

3.5 Cross-validation

Cross-validation is a reliable method for evaluating the
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model’s efficacy while minimizing the possibility of
overfitting. By dividing the data into smaller sets, or
"folds," cross-validation allows the model to be trained and
evaluated on numerous combinations of these folds rather
than just one set. In k-fold cross-validation, the dataset is
split into k equal-sized folds, usually 5 or 10 folds, which is
the most used method. By dividing the dataset into k
subsets or folds, k-fold cross-validation may be achieved.
After training on k-1 folds, the model is tested on the last
fold. This process is repeated k times, alternating the test
and training sets to ensure each iteration utilizes a different
fold. The mean score from all k-test sets is the ultimate
measure of performance. One example is a 5-fold cross-
validation, which involves dividing the data into five
different groups as the model is trained on the first four
folds in the first iteration and tested on the 5™, in the second
iteration, the model is trained on folds 1, 2, 3, and 5 and
tested on fold 4 and this continues until each fold is used
once as the test set.

Cross-validation tests the model on several data groups
rather than just one to reduce the likelihood of overfitting.
Because it considers the possibility of data fluctuation, this
technique gives a more reliable and precise assessment of
the model’s performance. It also maximizes the use of
available data, especially in cases where the dataset is
limited. By performing k-fold cross-validation, variance in
performance estimation can be reduced. Cross-validation
ensures that the model’s performance is consistent across
different subsets of data, minimizing the likelihood of a
high variance that could arise from a single train-test split.
This approach enhances model robustness by training and
testing on various data subsets, ensuring the model fits a
specific portion of the dataset and adapts to diverse data
points while maximizing data utilization. In situations
where the dataset size is limited, each data point is used for
training and validation, improving the efficiency of data
use.

3.6 Hyperparameter tuning

Hyperparameter tuning is crucial in optimizing ML
models by adjusting model parameters to improve their
predictive power. Hyperparameter tuning in neural
networks and several key hyperparameters influence the
model’s performance. The learning rate (n) is a critical
parameter that controls how much the model’s weights are
adjusted during each training step. The Eq used to update
the weights in gradient descent is:

6=6-1-Y(6) (14)

where 6 represents the model’s weights, n is the learning
rate, and VyJ(6) is the gradient of the loss function
concerning the weights.

This research uses several learning rates from training
data to maximize the model’s generalization capacity, such
as 10 and 103, Although quicker convergence is possible
with higher learning rates, there is a danger of exceeding
the minimal loss if this happens. Although slower rates
enhance stability, convergence occurs at a reduced pace. A
critical hyperparameter follows the batch size. It determines

the number of samples that must be processed before
updating the model’s weights. Batch processing requires a
modification to the gradient descent equation:

0=0-1%8, Voj(6D) (15)

where B is the batch size, V,J(6®) is the gradient of the
loss function for each sample.

The optimal batch size typically ranges from 32 to 128.
This study performs a grid search to find the batch size that
minimizes the MAE or MSE (discussed later in
performance metrics). The number of epochs controls how
often the model is trained on the full dataset. This
hyperparameter is fine-tuned by monitoring validation
performance to avoid overfitting. The dropout rate ( p )
helps regularize the model by randomly setting a fraction p
of input units to zero. Dropout is applied during training to
prevent the model from memorizing the training data. In
Random Forests (RF), several hyperparameters critically
influence model performance. The number of trees (N )
determines the size of the ensemble; increasing the number
of trees generally improves predictive accuracy by reducing
variance but also raises computational cost. In practice,
values between 100 and 500 are commonly evaluated to
balance accuracy and efficiency. The maximum tree depth
(dmax) controls how many levels each tree may grow.
Deeper trees can capture more complex relationships within
the data but risk overfitting, whereas shallower trees may
underfit. Optimal depth is typically identified through grid
search combined with cross-validation. In the fuzzy-
enhanced RF framework, fuzzy membership functions are
applied to evaluate the trade-off between model complexity
and generalization capacity, assigning weighted scores to
both overfitting risk and interaction modeling ability.
Additionally, the node splitting criterion is a key parameter,
with Gini impurity or entropy commonly employed. For a
dataset D with K classes, the Gini impurity is defined as:

K
Gini(D)=1- ) p? (16)

where p, denotes the proportion of samples belonging to
class k. This criterion guides the selection of feature splits,
ensuring that each division maximally reduces class
impurity and thereby improves predictive performance.

The minimum samples per split ( mg,; ) parameter
specifies the minimum number of samples required to split
an internal node. Larger values reduce the likelihood of
overfitting by ensuring that splits occur only when
sufficient data are available. This parameter, along with
others, is typically optimized using grid search combined
with cross-validation, evaluating performance metrics such
as accuracy, precision, recall, and F1 score. For Support
Vector Machines (SVMs), the most critical hyperparameters
include the kernel type, the regularization parameter ( C ),
and the kernel coefficient ( y ). The Radial Basis Function
(RBF) kernel is frequently employed due to its capacity to
capture nonlinear relationships, defined as:

— x'12
K(x,x") = exp (— I = 1% ) @an

202
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where x and x' are data points, and o controls the kernel
width. The regularization parameter C governs the trade-
off between minimizing training errors and maintaining a
smooth decision boundary. Higher values of C prioritize
correct classification of training data but may increase
overfitting. The SVM decision function is expressed as:

n

F6) =) @ik (0 + b (18)

i=1

where «; are Lagrange multipliers, y; the support vector
labels, and b the bias term. The gamma parameter
(¥ = 1/(20?)) determines the influence of each training
example: higher values increase sensitivity to nearby points
but risk overfitting. Optimal values of C and y are
typically identified via grid search and cross-validation to
balance bias-variance trade-offs. To ensure reliable
performance under cyclic shear viscosity (CSV) conditions,
hyperparameters in all models neural networks, RF-fuzzy,
and SVM were tuned using systematic search strategies
with cross-validation (e.g., 5-fold or 10-fold). Classification
tasks were evaluated using accuracy, precision, recall, and
F1 score, while regression tasks employed MAE and MSE.
These complementary metrics provided a robust framework
for assessing predictive performance and generalizability to
unseen endothelial response data.

3.7 Feature importance and interpretability

This study employed the RF model to assess the feature
importance of parameters related to endothelial cell
behavior under CSV. The critical features identified for the
model include impedance modulus (|Z|), WCA, Ecorr, and
Corrosion Current Density (icorr). RF uses an ensemble of
decision trees to make predictions, and one of the main
advantages is the ability to calculate feature importance.
This is done by assessing the decrease in Gini impurity as
each feature is used to split the data. The decline in impurity
is averaged across all trees in the forest, which allows the
model to rank features based on their contribution to
improving prediction accuracy. To enhance this process,
fuzzy logic was incorporated to address the inherent
uncertainties and imprecisions in the biological data. Fuzzy
membership functions were applied to evaluate each
feature’s influence on the model’s performance rather than
assigning strict binary importance scores. For instance,
impedance modulus (|Z|) and WCA, directly related to
material adhesion and surface properties, were assigned
fuzzy scores based on their graded relevance to endothelial
cell responses under CSV conditions. In computing feature
importance within the RF framework, the Gini index was
calculated for each node and feature, with fuzzy logic
modifying the evaluation to accommodate overlapping
feature effects and uncertain data distributions. This fuzzy-
enhanced approach provided a more nuanced understanding
of the factors influencing endothelial responses, ensuring
that critical features were accurately identified even under
imprecise or variable conditions. Eq. (19) for Gini impurity
remains central but is augmented with fuzzy weights to
reflect feature relevance dynamically in uncertain contexts.

K
Gini g = 1= ) p? (19)
i=1

i

where p; is the proportion of samples in class i at node,
and K is the number of classes. After training the model,
the importance scores are obtained by summing the
decrease in Gini impurity for each feature across all trees in
the forest. These scores are then used to rank the features by
their predictive power. Following this, SHAP was used to
understand the contribution of each feature to individual
predictions. SHAP values, derived from cooperative game
theory, quantify how much each feature contributes to the
prediction by averaging the difference in model outputs for
every possible combination of features. The Shapley value
for each feature i is calculated as:

i =i Zsem UEUID -] (0)

where ¢; is the Shapley value for feature i, and f(S) is
the model’s prediction when a set of features S is used.
This method helps reveal whether increasing values of
impedance modulus (JZ]) or WCA lead to higher adhesion
strength and clarifies how these features impact predictions.
In addition to SHAP, LIME was used to provide local
interpretability. LIME works by generating a surrogate
interpretable model, like linear regression, around each
prediction and explaining how changes in feature values
affect the prediction. For example, by perturbing the WCA
and analyzing its effect on adhesion strength predictions,
LIME can help quantify the role of this feature in
determining endothelial cell behavior. In the context of the
given data, impedance modulus (|Z]) and WCA are expected
to have the highest scores of feature importance. Impedance
modulus (]Z]) is directly related to the material’s resistance
to deformation under cyclic shear, which influences
endothelial cell adhesion. WCA affects the wettability and
surface energy of the material, playing a crucial role in
determining endothelial cell attachment. Both features are
critical in predicting how ECs respond to the surfaces
exposed to CSV conditions. Using SHAP and LIME helps
explain individual predictions and improves the
interpretability of complex models like RF. These tools help
bridge the gap between ML results and actionable
biological understanding by offering insights into which
features are most influential in predicting endothelial
responses. The ability to explore the influence of features
such as Ecorr or icorr on endothelial behavior is provided,
offering insights into the mechanical effects of material
properties on vascular health.

3.8 Error analysis and overfitting
Model performance was assessed using error-based
metrics, specifically Mean Absolute Error (MAE) and Mean

Squared Error (MSE). MAE quantifies the average
magnitude of prediction errors and is defined as:

n
1
MAE == Iy -3l (21)
i=1
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where y; represents the actual value and §; the predicted
value. To emphasize larger deviations, MSE was also
calculated as:

1 n
_ - 2 Ry
MSE _ni=1 i —91) (22)

These errors were computed for each model (neural
networks, RF-fuzzy, and SVM) on the test set to identify
performance limitations. Overfitting was detected by
comparing results across training, validation, and test sets.
A substantial gap between training and validation accuracy
indicated memorization of training data rather than
generalizable learning (e.g., 90% training accuracy versus
70% validation accuracy). To mitigate overfitting,
techniques such as L2 regularization, early stopping, and
cross-validation were employed. 5-fold cross validation was
applied, ensuring that each model was trained and validated
on multiple data partitions. This procedure reduced variance
in performance estimates and provided a more robust
evaluation of generalizability. Fluctuations in performance
across folds were also monitored as indicators of sensitivity
to dataset variation, further informing overfitting risk.

3.9 Statistical significance and comparative analysis

Statistical significance and comparative analysis to
determine if there are significant differences between the
performance of the three machine learning models (neural
networks, RF-fuzzy, and SVM) in predicting endothelial
cell adhesion strength under CSV conditions, statistical tests
were performed. A paired t-test was conducted to compare
the performance metrics, specifically accuracy, between the
models on the test set. This test assesses whether the means
of two models’ performance metrics are statistically
different, helping to identify if one model consistently
outperforms another. The null hypothesis ( H, ) in this
case was that there is no difference in performance, while
the alternative hypothesis (H;) was that there was a
significant difference in performance as

d
t== (23)
Vn

In this context, d represents the mean of the
differences between paired observations (accuracy of
models), s; is the SD of these differences, and n is the
number of observation pairs. The calculated t-statistics is
then compared to a critical value from the t-distribution
table, corresponding to the chosen significance level (e.g.,
0.05), to decide whether to reject the null hypothesis. Model
performance was statistically compared using the paired t-
test, with the null hypothesis rejected when the p-value was
less than 0.05, indicating a significant difference in
predictive outcomes. In cases where the assumptions of the
paired t-test (e.g., normality) were not satisfied, the
Wilcoxon signed-rank test was employed as a non-
parametric alternative. A p-value below 0.05 in the
Wilcoxon test similarly indicated a statistically significant
difference between models.

Following statistical testing, a comparative analysis of
each model’s strengths and limitations was conducted with

respect to predict accuracy, interpretability, and robustness.
Neural networks achieved the highest predictive accuracy,
reflecting their ability to capture complex, non-linear
relationships in endothelial responses under cyclic shear
viscosity (CSV). However, their “black-box” nature limited
interpretability, making it difficult to derive biologically
actionable insights from the predictions. The depth and
complexity of neural architectures enhanced performance
but constrained transparency in linking features to
endothelial mechanisms.

By contrast, RF offered a balanced trade-off between
accuracy, interpretability, and robustness. Although their
predictive accuracy was slightly lower than that of neural
networks, RF demonstrated strong generalization to unseen
data and provided valuable interpretability through feature
importance analysis. With fuzzy logic integration, the RF-
fuzzy model further enhanced robustness by capturing
uncertainty and data variability through fuzzy membership
functions. This approach enabled more nuanced
identification of influential features, such as impedance
modulus  (JZ]), water contact angle (WCA), and
electrochemical corrosion potential (Ecorr), which
contributed most to endothelial adhesion strength. The
combination of predictive reliability and interpretability
positioned RF-fuzzy as a practical tool for vascular biology,
particularly under complex biological conditions where
uncertainty must be addressed. SVM also achieved high
predictive performance, especially in handling high-
dimensional datasets and distinguishing endothelial
response classes through the RBF kernel. However, like
neural networks, SVMs lacked direct feature importance
measures, limiting their interpretability relative to RF.
While accurate in modeling complex data structures, the
inability to directly attribute predictions to specific
variables constrained their biological applicability. To
enhance interpretability across models, post-hoc techniques
such as SHAP (SHapley Additive exPlanations) and LIME
(Local Interpretable Model-agnostic Explanations) were
employed, particularly in RF-fuzzy and neural networks.
These methods provided clearer insights into feature
contributions, improving the biological relevance of model
predictions. In summary, all three models neural networks,
RF-fuzzy, and SVM performed effectively in predicting
endothelial adhesion strength under CSV, but each excelled
in different aspects. Neural networks provided superior
accuracy, RF-fuzzy offered balanced performance with
interpretability and robustness, and SVMs demonstrated
strong predictive capacity in high-dimensional spaces but
limited transparency. Importantly, RF-fuzzy contributed
practical insights into endothelial mechanisms, supporting
potential applications in optimizing drug delivery and
therapeutic interventions in cardiovascular health.

Considering the senescence and CSV impact, several
studies, such as those by (Costarelli et al. 2017, Wong et al.
2017) and (Guerrero et al. 2015), focus on senescence, a
key factor in endothelial dysfunction, which could be
accelerated under cyclic shear conditions. It’s common to
find that senescent cells exhibit changes in adhesion,
migration, and gene expression, which may be reflected in
the data of this study analyzed for adhesion strength under
CSV. Changes in adhesion properties could provide insights



Nano and molecular mechanism effects of CsV vascular endothelial functions using machine learning 311

for model predictions regarding the influence of cyclic
shear stress on endothelial function over time. For shear
stress and endothelial behavior, the studies by (Mun et al.
2009) and (Laschober et al. 2010) highlight how ECs’
behavior changes under different stress conditions,
including laminar shear stress. The current study model
similarly shows variations in endothelial adhesion,
reflecting alterations in gene expression or mechanical
properties as observed under static versus dynamic
conditions. Based on the RF-fuzzy feature importance
analysis, factors such as impedance modulus (|Z]), WCA,
and Ecorr are frequently highlighted in studies as
contributing significantly to cellular responses. These
parameters are directly tied to the mechanical properties and
surface characteristics of ECs under CSV, as seen in studies
by (Shah et al. 2013) and (Rombouts et al. 2014), where
exposure to varying conditions (e.g., radiation, age)
modifies cellular behavior, potentially in ways similar to
those under shear stress.

4., Conclusions

This research evaluated endothelial cell responses under
cyclic shear viscosity (CSV) by comparing the performance
of three machine learning models: Support Vector
Machines, Random Forests with fuzzy integration, and
neural networks. Model performance was assessed using
multiple metrics, including accuracy, precision, recall, F1
score, (MAE), and (MSE), to ensure both predictive
reliability and generalizability. Neural networks achieved
the highest predictive accuracy (86.36%), reflecting their
ability to model complex, non-linear patterns in the data;
however, their limited interpretability constrained biological
insight. The RF-fuzzy model achieved an accuracy of
85.24% and offered a balance between predictive capacity
and interpretability. Feature importance analysis highlighted
impedance modulus (] Z |), WCA, and electrochemical
corrosion potential (Ecorr) as critical determinants of
endothelial adhesion, with fuzzy integration further
enhancing robustness against data variability. SVMs also
performed effectively (82.50% accuracy), particularly in
high-dimensional spaces, though their lack of direct feature
importance limited biological interpretability. The findings
underscore the importance of interpretability in applying
machine learning to biological systems. While neural
networks provided the highest accuracy, the RF-fuzzy
approach offered the best trade-off between predictive
accuracy and explanatory power, enabling actionable
insights into endothelial behavior. This study demonstrates
the value of integrating advanced ML techniques in
vascular biology, contributing both methodological
advancements and practical implications for optimizing
drug delivery strategies and therapeutic interventions in
cardiovascular health.
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CcC

Nomenclature

Cyclic Shear Viscosity Csv
Support Vector Machines SVMs
Nitric Oxide NO
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Flow-Mediated Dilation FMD
High-Intensity Interval Training HIT

Resistance Exercise RE
Low-Density Lipoprotein LDL

Endothelial Cells ECs
Endothelial Nitric Oxide Synthase ENOS
Vascular Smooth Muscle Cell VSMC

Machine Learning ML
Convolutional Neural Networks CNNs
Water Contact Angle WCA
Electrochemical Corrosion Potential Ecorr
Rectified Linear Unit ReLU
Potentio Dynamic Polarization PDP

Adaptive Gradient Algorithm AdaGrad

Radial Basis Function RBF
Mean Absolute Error MAE

Mean Squared Error MSE
Shapley Additive exPlanations SHAP
Local Interpretable Model-agnostic LIME

Explanations

True Positives TP

True Negatives TN

False Positives FP

False Negatives FN
Corrosion Current Density icorr

Random Forests RF

Standard Deviation SD





