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Abstract

differentiated prevention of recurrent ischemic strokes.

The aim of the study was to determine the incidence of laboratory aspirin resistance; and to study the associations of genetic markers and clinical and laboratory
parameters (including parameters of the platelet hemostasis) in patients with non-cardioembolic ischemic stroke using machine learning methods to assess the
prognosis of recurrent ischemic strokes. Clinical and laboratory data (including induced platelet aggregation) were analyzed from 296 patients with ischemic stroke
who were treated in the stroke center of City Clinical Hospital No. 1 named after. N.I. Pirogov. The frequencies of polymorphic variants of the ITGB3, GPIba,
TBXAZ2R, ITGA2, PLA2G7, HMOXI, PTGS1, PTGS2, ADRA2A, ABCB1, PEARI genes and intergenic region 9p21.3) in patients with non-cardioembolic ischemic
stroke, which were identified using hydrogel biochip technology, were determined. Using the developed machine learning model, additional clinical and genetic
factors influencing the development of laboratory aspirin resistance and recurrent ischemic stroke were studied. In the future, the identified factors can be used for

Introduction

This scientific work is part of a program to study the relationship
of gene polymorphisms with clinical and laboratory data in patients
with ischemic stroke [1-5].

The frequency of development of ischemic non-cardioembolic
(atherothrombotic and unspecified pathogenetic variants according
to TOAST criteria) [6]) stroke remains consistently high both in
Russia and around the world, despite the widespread functioning
of a network of regional vascular centers and the introduction of
innovative treatment methods such as thromboextraction [7-10].
The percentage of recurrent strokes is increasing and depends
on many factors, such as the patient’s age, concomitant diseases,
compliance, and many other circumstances. A variety of data on
the incidence of recurrent strokes can be found in the literature.
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According to many authors [11-14], genetic predisposition
(increased risks of recurrent ischemic strokes have been identified
in patients carrying certain gene polymorphisms) may also play
a role in increasing the risk of recurrent ischemic stroke, since
certain hereditary factors may contribute to a higher susceptibility
to blood clots or atherosclerosis. Thus, the genes ITGB3, GPIba,
TBXA2R, ITGA2, PLA2G7, HMOX1, PTGS1, PTGS2, ADRA2A,
ABCB1, PEAR1 may influence susceptibility to ischemic stroke;
platelet aggregation may be associated with the development
of blood clots in blood vessels, as well as aspirin resistance [15-
24] which may be associated with disturbances in the biological
processes involved in platelet aggregation.

Changes in platelet aggregation properties can occur in many
pathological conditions, which can play a leading role, in addition
to genetic factors, in the development of repeated ischemic strokes.
Some studies suggest that approximately 25% - 30% of patients
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will have a second stroke within five years of the first event, but
this percentage may also depend on the study population and data
collection methods used. Obviously, the problem of preventing
both primary and recurrent ischemic strokes remains relevant.

Laboratory resistance to aspirin refers to cases when patients
do not experience suppression of platelet aggregation function
during antiplatelet therapy with acetylsalicylic acid. This may
be due to both genetic factors and other biological processes
affecting platelet aggregation. Currently, the question of the role of
individual genetic factors in the development of aspirin resistance
has not been resolved.

Literary data indicate a fairly large percentage of recurrent
ischemic strokes while taking both antiplatelet and anticoagulant
therapy. Acetylsalicylic acid belongs to a group of drugs that act on
the metabolism of arachidonic acid by inhibiting cyclooxygenase,
which leads to the suppression of thromboxane A2 by platelets and
reduces their aggregation.

Thus, given the variety of reasons that can lead to recurrent
ischemic stroke, the high frequency of recurrent ischemic strokes
indicates the need to develop individual programs taking into
account risk factors. The development of modern computer
technologies, including artificial intelligence and machine learning
methods, can help solve this problem.

Theaim of the study was to determine theincidence oflaboratory
aspirin resistance; to study the associations of genetic markers and
clinical and laboratory parameters (including parameters of the
platelet hemostasis) in patients with non-cardioembolic ischemic
stroke using machine learning methods to assess the prognosis of
recurrent ischemic strokes.

Methods

The study was conducted on the basis of the stroke center of
City Clinical Hospital No. 1 named after. N.I. Pirogov from 2022
to 2023 Inclusion criteria were: 1) verified ischemic stroke; 2)
Age from 45 years; 3) Non-cardioembolic pathogenetic variant of
ischemic stroke according to TOAST criteria; 4) Opportunity to
take part in the study. Exclusion criteria were: 1) neuroimaging
signs of a brain tumor, arteriovenous malformation, brain abscess,
vascular aneurysm; 2) surgery on the brain or spinal cord; 3)
previous stroke or severe traumatic brain injury within 3 months;
4) severe liver diseases; 5) neoplasms with an increased risk of
bleeding; 6) Cardioembolic pathogenetic variant of ischemic
stroke; 7) operations or invasive procedures in the last 10 days;
8) data on bleeding or acute injury at the time of examination.
The study was approved by the ethics committee of the Russian
National Research Medical University named after. N.I. Pirogov
No. 1567 dated February 10, 2022

The data of 296 patients with ischemic stroke were analyzed
while they were in the stroke center of City Clinical Hospital No. 1
named after. N.I. Pirogov. All patients received therapy according
to clinical guidelines for the treatment of ischemic stroke, including
antiplatelet therapy (acetylsalicylic acid at a dose of 125 mg).
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The average age of patients included in the study was 64.65
[55; 76] years. The median NIHSS score at admission was 9 [6;
14], at the time of discharge 3 [2; 6], dynamics indicator 5 [3; 8].
The main clinical and laboratory parameters (at admission) are
presented in Table 1.

An analysis of the clinical picture of ischemic stroke was
carried out in 296 patients with cerebrovascular accident in the
carotid and vertebrobasilar areas (Table 1). When analyzing data
from instrumental studies (CT, MRI) and the neurological status of
patients, it was shown that in the territory of the left middle cerebral
artery - 120 (40%), in the territory of the right middle cerebral
artery - 141 (48%), in the territory of the right internal carotid
artery - 17 (5.7%), in the basin of the left internal carotid artery
-12 (4%), in the vertebrobasilar system -16 (5%). The underlying
diseases were: arterial hypertension stage 3, degree 3 - 279 (94%),
and atherosclerosis of the brachiocephalic arteries - 180 (61%).
Concomitant diseases were: cardiac ischemia: atherosclerotic
cardiosclerosis - 23.7%, post-infarction cardiosclerosis - 7.8%,
chronic obstructive pulmonary diseases - 9.7%, varicose veins
of the lower extremities - 22.7%, occlusive thrombosis of the
subcutaneous and deep veins - 9 % (Table 2).

All patients showed positive dynamics at the time of discharge -
NTHSS scores at discharge (9 [6;14]) were significantly lower than
NTHSS scores at admission (3 [2;7]) (p <0.0005) (Figure 1).

Blood was collected for genetic studies in tubes with EDTA. For
DNA genetic analysis, the Qlamp DNA Mini kit (Qiagen, Germany)
and LumiPure genomic DNA Blood and Buccal Kit (Lumiprobe
RUS Ltd., Russia) were used.

The aggregation properties of platelets in the presence of
inducers (arachidonic acid, ristomycin, ADP, spontaneous
aggregation) were studied on the 3rd day of taking aspirin at a dose
of 125 mg using light transmission aggregometry.

Table 1: Median values of the main clinical and laboratory parameters of patients with non-
cardioembolic ischemic stroke.
Parameter Median value Normal value
Clinical data
Median age 64,65 [55;76]
NIHSS upon admission 9 [6; 14]
NTIHSS at discharge 3[2;6]
Dynamics of NTHSS 51[3;8]
Rankin upon admission 3[2;5]
Rankin at discharge. 2[1;3]
BMI 27,17 24,65 30,80] 18,5-25
Results of laboratory and instrumental studies
Stenosis degree 25 [0; 39]
HDL (mmol/l) 1,14 [0,89; 1,38] 3,2-5,6
LDL (mmol\l) 2,94 [2,35; 3,56] <26
Cholesterol (mmol\l) 4,7 (4,025 5,53] <50
Triglycerides (mmol\l) 1,26 [0,96; 1,70] <1,7
Coeff. Atherogenic 3,2 (2,4;4,2] <3-35
Parameters of platelet hemostasis
Aggregation with ADP (%) 42,58 [26,26; 58,39] 50 - 60
Aggregate size with ADF (um) 8,56 [5,59; 12,56] 3,5-5,5
Aggregation with arachidonic acid (%) 9,39 [4,68; 45,07] 50 - 60
Aggregate size with arachidonic acid (pm) 2,66 [1,69; 6,12] 3,5-55
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Table 2: Clinical characteristics of patients with IS non-cardioembolic pathogenetic variant according to TOAST criteria.
Neurological symptoms Frequency of occurrence
Clear consciousness 60 (20%)
Level of consciousness Conscious 70 (24%)
Deafened 156 (53%)
Total aphasia 52 (17%)
Sensory aphasia 34 (11%)
Speech disorders Motor aphasia 25 (8%)
Sensorimotor aphasia 21 (7%)
No speech disorders 164 (55%)
Meningeal signs 7 (2%)
Partial 67 (23%)
Hemianopsia
Full 50 (17%)
Nystagmus 210 (71%)
Norm 107 (36%)
Range of eye movements
Gaze paresis 189 (64%)
Deviation of the tongue towards paresis 234 (79%)
Lightweight 105 (35%)
Dysarthria Average 32 (11%)
Rough 27 (9%)
Dysphagia 90 (30%)
Asymmetry 51 (17%)
Facial muscles
Paresis/paralysis of the lower muscle group 245 (83%)
Sensitive disorders on the face 235 (79%)
upper limb 52 (17%)
Plegia
lower limb 67 (23%)
upper limb 48 (16)
1 point
lower limb 52 (17%)
Paresis ipsilateral to the lesion
upper limb 13 (4%)
2 points
lower limb 14 (5%)
upper limb 16 (5%)
3 points
lower limb 15 (5%)
upper limb 11 (4%)
4 points
lower limb 8 (3%)
Anisoreflexia 264 (89)
Loss of sensation in the trunk 236 (80%)
Babinski's sign 275 (93%)
Doesn't control 176 (59%)
Functions of the pelvic organs
Controls 120 (40%)

30

25

20

o Median

NIHSS score on NIHSS score at
admission discharge

025%-75%
T Min-Max

‘ Figure 1: NIHSS scores at admission and discharge.
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The criterion for resistance to acetylsalicylic acid was a platelet
aggregation level of > 20% after induction with arachidonic acid
and > 70% after induction with ADP. According to the study
results, laboratory aspirin resistance was detected in 127 patients
(43%), and aspirin sensitivity was detected in 169 (57%).

Based on the results of studying the literature data, genes were
selected that are associated with changes in platelet aggregation
properties. (eighteen SNPs in the ITGB3, GPIba, TBXA2R, ITGA2,
PLA2G7, HMOX1, PTGS1, PTGS2, ADRA2A, ABCB1, PEAR1 genes
and the 9p21.3 intergenic region) that were identified using low-
density hydrogel biochip technology.

Statistical processing of the study data was carried out using
Statistica 10 and Microsoft Excel. p values are before adjustment
for multiple comparisons; after Bonferroni correction, all p values
> 0.05.

To understand the role of genetic markers and clinical and
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laboratory parameters in predicting noncardioembolic ischemic
stroke, we developed Machine Learning (ML) systems. Specifically,
we used the following classification algorithms implemented
using Python: including Logistic Regression, Random Forest,
KNeighbors, Gradient Boosting, and CatBoost [25,26]. The flow of
the ML procedure pipeline is shown in Figure 2.

After a preliminary examination of the original data, we
identified an imbalance in the class distribution, which necessitated
a solution to the problem by increasing the minority class.
Initial use of genetic attributes alone yielded limited predictive
capabilities, which prompted us to refine the model to include
both anthropometric and clinical details. The final set of features
included age, Body Mass Index (BMI), TOAST type (Type),
NHISS score on admission (NHISS), Ristocetin-induced platelet
aggregation (Rist), Arachidonic Acid (AA) level, spontaneous
platelet aggregation (Spontan)., High-Density Lipoprotein (HDL)
and PTGS1 rs1330344 genes. Patient age was divided into groups
and converted into a categorical feature.

All models were trained using five-fold Cross-Validation
(CV). To ensure consistency, folds were stratified, keeping class
proportions similar to the overall data set. The selection of optimal
hyperparameters was carried out using the GridSearchCV library,
which systematically explored a predefined parameter space to
identify the most effective combinations. Particular attention was
paid to optimizing the F1 score for all models.

Not surprisingly, CatBoost gradient boosting on decision trees
outperformed other methods, which is attributed to its ability to
exploit categorical feature information. The mean values of key
performance indicators were: 0.8909 + 0.0558 (AUC), 0.8181
+ 0.0579 (F1 score), 0.7876 + 0.0883 (accuracy), and 0.8660 +
0.0446 (recall).

The optimal parameters that showed superior CV results can
be found in Appendix A (Table 3).

DTGB3 _rs5918
GFiba _rs2243093
GPlba _rs6065
TBXA2R _rs1131882
TBXAZR _rs4523
ITGA2 _rs1126643
ITGAZ2 _rs1062535
PLA2G7 _rs1051931
PLA2GT _rs7756935
HMOXI _rs2071746
PTGS1 _rs10306114
PTGS1 _rs1330344
PTGS2 _rs20417 GG
PTGS2 _rsb89466 TC
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Table 3-Appendix A: Parameters of the Best-Performing Model

loss_function = ‘Logloss’

learning rate = 0.1

Iterations = 500
depth=6

grow_policy = ‘SymmetricTree’

max_leaves = 64

bootstrap_type = Bayesian

leaf_estimation_method = Newton

To assess the impact of individual features on model
performance and highlight key factors, we conducted an additive
analysis of Shapley’s explanations (Figure 2). This made it possible
to understand the relationship of variables in the predicted
scenario and their weight in the final assessment. Essentially,
Shapley values shed light on the significance of a trait by relating
the model’s predictions to the presence or absence of the trait.
When considering the SHAPE plot (Figures 3,4), a positive effect
on predicting recurrent stroke was observed for high levels of
spontaneous platelet aggregation, admission NHISS score, and
high-density lipoprotein cases. Conversely, there was a presumed
attenuation of the prognosis for patients with low and average body
mass index and an increase in the effect for high values. Points
on the rs1330344 PTGS1 gene with high density on the negative
side indicated the prevalence of predominant alleles, reducing
the likelihood of predicting recurrent stroke using our model.
However, their identification within the framework of Shapley’s
analysis was considered impossible.

In our analysis, we used the Receiver Operating Characteristic
(ROC) curve to evaluate the predictive performance of our model.
This curve illustrates the trade-off between true positive rates
(sensitivity) and false positive rates (1-specificity) at different
thresholds. The Area Under the Curve (AUC) provides a single
metric to evaluate the overall performance of the model. Our
model demonstrated a commendable AUC of 0.8909 + 0.0558,
indicating excellent predictive capabilities. The optimal cut-off

Data preparation Data set of 296 patients

Raw data of 296 patients and feature engineering =

Five-Fold Cross-Validation Proccess J |_

Evaleating models Training classification models

Train/Test data splitting
and hyperparameters tunning

Metrics assessment
and best model selection

Feature importance ranking
with Shapley additive explanation (SHAP)

‘ Figure 2: Biological microchip for genetic marker analysis. ‘

‘ Figure 3: Machine learning pipeline.
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Figure 4: Feature importance ranking obtained using SHAP values. Variables are listed in
order of significance from top to bottom along the y-axis. Each dot represents a patient, and
its color indicates the value of the corresponding variable. The position of the points on the
x-axis represents SHAP values indicating changes in log odds, and the probability of success
can be extracted from this value.

point, determined by maximizing the Youden index (sensitivity
+ specificity - 1), was determined to be 0.81. At this threshold,
sensitivity was 67% and specificity was 97%.

The ROC curve not only visually depicts the balance between
sensitivity and specificity, but also highlights the model’s ability to
distinguish between positive and negative predictions. Its position
above the no-discrimination line highlights the robustness of our
model in making accurate discriminations.

Results

DNA samples from 296 patients who suffered an ischemic
stroke were genotyped. According to the study results, laboratory
aspirin resistance was detected in 127 patients (43%), and aspirin
sensitivity was detected in 169 (57%). Next, associations of gene
polymorphisms with clinical and laboratory parameters were
studied. For the first time, a model based on machine learning
was developed and applied in a group of patients with laboratory
aspirin resistance to assess the risks of recurrent ischemic strokes,
taking into account clinical and genetic associations.

The CC genotype of the rs1330344 gene in the PTGS1 gene was
more common in the AR group than in the AC group (9.4% vs.
4.1%; OR = 2.48, 95% CI = 0.93-6.60, p = 0.062), the difference
is not statistically significant. In CC homozygotes of the PTGS1
rs1330344 genotype, the average rate of AK-induced aggregation
was 55.4% higher than in the TT+CT genotypes (37.07 versus
23.86, p = 0.026). The mean ADP-induced aggregation was
14.8% higher in TT+CT rs4523 TBXA2R genotypes compared to
CC genotypes (43.4 vs. 37.7; p = 0.031). The mean ADP-induced
aggregation was 11.6% lower in AA+GA ITGA2 rs1062535
genotypes compared to GG homozygotes (39.25 vs. 44.17, p =
0.051). In GG homozygotes for rs1062535 in the ITGA2 gene, the
dynamics of NIHSS indicators upon admission and at the time
of discharge were significantly higher compared to the indicators
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of groups of patients with GA+AA genotypes (6.57 versus 5.3,
p = 0.0008). We have identified polymorphic gene markers that
are associated with the characteristics of the clinical course of the
cerebrovascular process (against the background of a progressive
critical course of arterial hypertension) and with pathogenetic
variants of ischemic stroke (non-cardioembolic ischemic stroke),
and the presence of other unmodified risk factors.

Discussion

Thus, as a result of the study, associations of polymorphism
of genes of the hemostatic system with parameters of platelet
hemostasis, thedynamics ofthe clinical picture (scoresonthe NTHSS
scale) in patients with ischemic stroke, as well as anthropometric
data of patients were identified. have been identified. The study
made it possible to identify an integral indicator that may be an
unfavorable sign of recurrent ischemic stroke, which requires the
development of an individual approach to the treatment process.
The model used in this study made it possible to calculate the
values of signs, both clinical and laboratory, that make a significant
contribution to the prognosis of recurrent ischemic strokes in
patients with aspirin resistance. Our model demonstrated an AUC
of 0.8909 + 0.0558, indicating excellent prediction ability. In our
analysis, the Receiver Operating Characteristic (ROC) curve was
used to evaluate the predictive ability of our model. The ROC curve
plots the true positive rate (sensitivity) versus the false positive
rate (specificity 1) for various cutoff values. The area under the
curve (AUC) is the only measure of model performance: an AUC of
1.0 indicates perfect predictive ability, and an AUC of 0.5 suggests
no predictive ability beyond chance (Figure 5). The optimal cut-off
point, determined by maximizing the Youden index (sensitivity +
specificity - 1), was 0.81. At this threshold, sensitivity was 67% and
specificity was 97%. These features are likely to influence both a
positive and a negative prognosis. The studied clinical and genetic
features in the group of patients with laboratory aspirin resistance
can be used to identify groups of patients at high risk of recurrent
ischemic strokes and to develop personalized approaches to
the prevention of recurrent ischemic strokes - the selection of
individual antiplatelet therapy.
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