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ABSTRACT

Carotid endarterectomy (CEA) is a surgical procedure aimed at reducing the risk of Stroke in
patients with Carotid Artery disease. However, postoperative complications, including Major
Adverse Cardiovascular Events (MACE), Myocardial Infarction (Ml), and Stroke, remain
concerns. This study focuses on developing a Machine Learning (ML) predictive model to
identify pre- and post-surgery factors influencing the occurrence of these adverse events after
CEA under loco-regional anesthesia. Data from patients who underwent CEA under loco-
regional anesthesia at the Centro Hospitalar de S3o Jodo between January 2012 and January
2018 was used. Two predictive models were developed: one using only pre-surgery factors
and another exclusively considering post-surgery factors. The classification models evaluated
included K-Nearest Neighbors (kNN), Naive Bayes, Logistic Regression, Random Forest,
Extreme Gradient Boosting (XGBoost), Decision Trees, Support Vector Machine (SVM), and
Neural Networks and feature importance evaluation was performed using Shapley Additive
Explanations (SHAP). For the preoperative model, Random Forest achieved the highest
predictive performance with an accuracy of 65%, followed by XGBoost with 60%. In the post-
surgery model, XGBoost, Random Forest, and Logistic Regression demonstrated the best
results, each reaching an accuracy of 62.5%. The strongest predictors factors identified were
the number of days since surgery and the patient age. The results demonstrated that the more
days that pass since surgery and the older the patient the higher is the risk of adverse events.
In pre-surgery model body mass index and the presence of chronic kidney disease were found
to be highly relevant, while in the post-surgery side, the occurrence of a stroke 30 days after
the surgery emerged as a crucial factor.

KEYWORDS

Carotid Endarterectomy; Carotid clamping; Machine Learning; Outcomes; Stroke; Myocardial
Infarction; Major Adverse Cardiovascular Events; Risk factors; Loco-regional anesthesia
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LIST OF ABBREVIATIONS AND ACRONYMS

American Board of Internal Medicine. Organization that certifies internists and
subspecialists who demonstrate the knowledge and skills essential for patient
care in internal medicine.

Administracdo Central do Sistema de Saude. Public Portuguese entity
responsible for managing, coordinating, and developing the National Health
Service, ensuring the efficiency, quality, and sustainability of health services in
Portugal.

Adaptive Boosting. Ensemble Machine Learning algorithm that combines the
outputs of weak learners to create a strong classifier by focusing on the errors
of previous models and adjusting their weight accordingly.

Analysis of Variance. Statistical method used to compare the means of three or
more groups to determine if there are any statistically significant differences
among them by analyzing variance within and between groups.

Area Under the Receiver Operating Characteristic Curve. Performance metric
for classification models that quantify the ability to distinguish between
positive and negative classes.

Body Mass Index. Numerical value derived from an individual's weight and
height that is used to categorize them as underweight, normal weight,
overweight, or obese.

Carotid Artery Stenting. Minimally invasive procedure in which a stent is placed
in the Carotid Artery to widen it and improve blood flow.

Carotid Endarterectomy. Surgical procedure to remove atherosclerotic plaques
from Carotid Arteries.

Chronic Obstructive Pulmonary Disease. Progressive respiratory condition
characterized by persistent airflow limitation.

Cross-Industry Standard Process for Data Mining. Structured methodology that
outlines the steps necessary for successful data mining projects, including
business understanding, data understanding, data preparation, modeling,
evaluation, and deployment.

Diastolic Blood Pressure. Pressure exerted by the blood on the walls of the
arteries when the heart is at rest between beats.
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DM

DT

ECST

IND

IQR

KNN
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MBP

Ml

ML
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NSQlP

Diabetes Mellitus. Chronic medical condition characterized by high levels of
glucose in the blood due to the body's inability to produce enough insulin or
effectively use the insulin it produces.

Decision Trees. Machine Learning algorithm that uses a tree-like model of
decisions and their possible consequences to make predictions or
classifications based on input data.

European Carotid Surgery Trial. Clinical study that demonstrated that Carotid
endarterectomy significantly reduces the risk of ischemic stroke and stroke-
related death in patients with symptomatic carotid artery stenosis.

Intraoperative Neurological Deficits. Adverse neurological events occur during
Surgery.

Interquartile range. Statistical measure of variability that represents the range
within which the central 50% of the data points lie, calculated as the difference
between the first quartile (Q1) and the third quartile (Q3).

K-Nearest Neighbors. Non-parametric Machine Learning algorithm used for
classification and regression, where a data point is classified based on the
majority class among its k-nearest neighbors in the feature space.

Major Adverse Cardiovascular Events. Combined outcome that includes
Mortality, Myocardial Infarction and Stroke.

Mean Arterial Pressure. Average pressure in arteries during one cardiac cycle,
providing an indicator of overall blood flow and tissue perfusion.

Myocardial infarction. Cardiac adverse event characterized by blockage of
blood supply.

Machine Learning. Subset of Artificial Intelligence where computers are trained
to recognize patterns and make decisions based on data, improving their
performance over time.

North American Symptomatic Carotid Endarterectomy Trial. Clinical study that
demonstrated the benefits of Carotid Endarterectomy in reducing the risk of
Stroke and Stroke-related death in patients with symptomatic Carotid Artery
stenosis.

National Surgical Quality Improvement Program. Program initiated by the
American College of Surgeons to measure and improve the quality of surgical
care by collecting and analyzing clinical data from participating hospitals.



RFE

RS

SBP

SHAP

SMOTE

SVM

U-CEA

VIF

XGBoost

Recursive Feature Elimination. Feature selection method that iteratively fits a
model and removes the least important features to improve model
performance by selecting the most relevant features for prediction.

Random Search. Hyperparameter optimization technique that selects
hyperparameter values randomly from a predefined distribution to efficiently
explore the search space.

Systolic Blood Pressure. Pressure exerted by the blood on the walls of the
arteries when the heart contracts and pumps blood into the circulatory system.

Shapley Additive Explanations. A method that explains the results of Machine
Learning models by assigning a value to the contribution of each feature based
on its input to the model's predictions.

Synthetic Minority Oversampling Technique. Resampling method that
generates synthetic samples for the minority class by interpolating between
existing data points, helping to address class imbalance in Machine Learning.

Support Vector Machine. Supervised Machine Learning algorithm that finds the
optimal hyperplane to separate data points of different classes in a high-
dimensional space, maximizing the margin between the closest points of each
class.

Urgent Carotid Endarterectomy. Surgical procedure to remove atherosclerotic
plagues from Carotid Arteries, performed promptly.

Variance Inflation Factor. Measure used to detect multicollinearity in
regression analysis by quantifying how much the variance of an estimated
regression coefficient increases when your predictors are correlated.

Extreme Gradient Boosting. Scalable Machine Learning algorithm that uses an
ensemble of weak decision trees and gradient boosting techniques to improve
prediction accuracy and model performance.



1. INTRODUCTION

Carotid Endarterectomy (CEA) is a surgical procedure designed to remove atherosclerotic
plagues from the Carotid Arteries. Introduced in the 1950s (Saha et al., 2014), its purpose was
to prevent Strokes and has remained the gold standard in the treatment of Carotid Artery
disease since then (Pereira-Neves et al., 2021). Nowadays, this disease persists, affecting 3%
of the world's population (Dossabhoy & Arya, 2021), and is responsible for 15-20% of recorded
Strokes, one of the leading global causes of death (Joh &Cho, 2020).

In the Carotid Arteries, atherosclerotic plagues most commonly stand in the carotid
bifurcation region, where the Common Carotid Artery branches into the Internal and External
Carotid Arteries (Allain et al., 2005). Composed of fat and calcium, these plaques narrow the
arteries, reducing blood flow and increasing the risk of Stroke (Bir & Kelley, 2022). Greater
artery narrowing (degree of stenosis) indicates a higher risk of Stroke development.

The disease in the Carotid Arteries often remains silent/asymptomatic for extended periods.
However, the worsening increased plaque/stenosis severity can rapidly make it symptomatic,
manifesting as cerebral infarction or cerebral ischemia (Song et al., 2020). Although CEA has
shown better results in symptomatic patients, it can also be performed in asymptomatic
patients who meet specific criteria. According to Pinheiro (2010), eligible patients have
stenosis over 50% in symptomatic cases without severe neurological deficits or stenosis over
60% in asymptomatic cases. However, a pre-surgery evaluation is performed to assess the
urgency of the procedure and the patient's risk factors, essentially evaluating the cost-benefit
of the surgery.

CEA is performed using general or loco-regional anesthesia, involving an incision in the
affected Carotid Artery and removal of atherosclerotic plague (Howell, 2007). Although both
types of anesthesia can be used, loco-regional anesthesia offers the advantage of allowing
neurological monitoring of the patient during the procedure while they remain awake.
Additionally, Rocha-Neves (2021) indicates that this approach is associated with less shunt
dependency, faster surgeries, and a lower chance of coronary incidents.

Before initiating the process, it is necessary to halt blood flow in the artery by clamping its
three branches, with the brain being exclusively irrigated by the contralateral Carotid Artery
during this period. This has been reported as a significant factor in the development of
Intraoperative Neurological Deficits (IND), due to potential cerebral hypoperfusion (Rocha-
Neves et al., 2021). Furthermore, CEA also presents a risk of 13% of developing major adverse
cardiovascular events (MACE), including Stroke, Myocardial Infarction (MI), and
cardiovascular death (Mekke et al., 2023). However, the major adverse events that occur after
CEA are Stroke and M, being reported 3-4% and 0-5% of the time, respectively (Bai et al.,
2020). Despite factors such as gender (women more prone) and age (higher age, higher risk)
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being identified in the literature as ones of the principal contributors to adverse events, there
is little consensus on the pre-and post-operative risk factors related to the role of artery
clampingin adverse events development (Pereira-Neves et al., 2021; Rocha-Neves et al., 2021;
Saha et al., 2010). Establishing the prediction of outcomes after clamping during CEA in
different patients with various characteristics or factors becomes imperative.

In recent years, Artificial Intelligence (Al) has been increasingly used in healthcare, particularly
in diagnosing accuracy and new treatment methods (Matsuo et al., 2022). One of its domains,
Machine Learning (ML), serves as a highly useful tool in outcome prediction, allowing
exploration/analysis and defining patterns in extensive datasets (Buchlak et al., 2020).

In today's context, there is an increasing number of studies on CEA and the occurrence of
adverse events, such as MACE, MI, and Stroke. Despite this, the literature exploring the
contributing factors to these events remains limited, with little consensus on the matter (Lobo
et al., 2015). To address this gap, this retrospective study included patients undergoing CEA
under loco-regional anesthesia at Sdo Jodo Hospital Center, Porto, Portugal, between January
2012 and January 2018, who experienced or did not MACE, M, or Stroke after clamping. Based
on the recorded characteristics of these patients, a predictive ML model will be created to
predict the risk of each one of the outcomes mentioned before occurring after clamping
during CEA. Thus, the present dissertation aims to answer the research question: "What are
the predictors of pre- and post-adverse events, such as MACE, MI, and Stroke after clamping
the Carotid Artery during Carotid Endarterectomy?".

12



2. LITERATURE REVIEW

Although many studies have been exploring CEA and its outcomes, the search on the factors
that trigger adverse events after this surgery, namely MACE, Ml and Stroke, is still on going.
The lack of agreement represents one of the main challenges in predicting these postoperative
outcomes, making it difficult to identify patients at greater risk and to implement more
effective preventive strategies.

Most studies have focused primarily on the outcomes of CEA without delving into the
underlying factors. For example, the renowned studies conducted by North American
Symptomatic Carotid Endarterectomy Trial (NASCET) and European Carotid Surgery Trial
(ECST) in the 1990s evaluated the efficacy and results of CEA in patients with Carotid stenosis.
NASCET, conducted in North America, focused on symptomatic patients, while ECST,
conducted in Europe, included both symptomatic and asymptomatic patients. Both studies
compared the efficacy of Endarterectomy with conservative clinical treatment, finding a
significant reduction in the risk of cerebrovascular events in patients undergoing surgery
(Ferguson et al.,, 1999; “Randomised Trial of Endarterectomy for Recently Symptomatic
Carotid Stenosis: Final Results of the MRC European Carotid Surgery Trial (ECST),” 1998).

Building on these foundational studies, Rockman (2000) aimed to analyze neurological events
post-CEA to identify which patients could benefit from further surgery. They identified causes
such as clamping ischemia (13.2%), intracerebral hemorrhage (13.2%), unrelated factors
(10.5%), and thromboembolic events (63.2%), with thromboembolic events being
predominant within the first 24 hours post-surgery.

Years later, Bekelis (2013) developed a predictive model based on risk factors to predict 30-
day postoperative outcomes such as Stroke, Ml, and Death that included 35698 patients. Their
results highlighted significant differences in the prevalence of risk factors like gender, chronic
obstructive pulmonary disease (COPD), history of peripheral vascular disease, congestive
heart failure, previous coronary angioplasty, coronary artery bypass graft surgery, history of
bleeding disorders, and increased body mass index (BMI). The incidences 30 days after CEA
were 1.64% for Stroke, 0.69% for MlI, 0.75% for death, and 2.79% for MACE (Figure 2.1).

Table 2.1 — Outcomes registered 30 days after CEA. Adapted from Bekelis et al (2023)

All Patients Symptomatic Asymptomatic P Value

Stroke  585(1.64%)  365(2.33%)  220(1.10%)  <0.001
Ml 247 (0.69%) 122 (0.78%) 125 (0.63%) 0.09

Death 267 (0.75%) 163 (1.04%) 104 (0.52%)  <0.001

Composite 994 (2.79%) 581 (3.70%) 413 (2.06%)  <0.001
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Barbetta (2014) assessed the outcomes of Urgent Carotid Endarterectomy (U-CEA) in
symptomatic patients, noting a higher rate of Stroke (70%) and mortality (4.4%) in patients
with acute symptoms compared to those undergoing elective surgery.

Dua (2016) studied factors impacting outcomes in CEA and Carotid Artery Stenting (CAS)
procedures, highlighting specific patient factors like gender and procedural volume that
significantly influence risks and outcomes.

In the same year, Chaudhry (2016) developed a risk index for CEA patients to predict in-
hospital mortality and other outcomes. They identified factors such as age over 70, atrial
fibrillation, congestive heart failure, smoking, symptomatic status, and chronic renal failure,
which were linked to an increased rate of stroke and/or death in CEA patients.

Volkers (2018) conducted a systematic literature review of studies developing prediction
models or risk scores after Carotid revascularization to further enrich the understanding of
risk factors. They identified common predictors like age, diabetes, heart failure, and
contralateral carotid stenosis.

More recently, Dasenbrock (2019) developed a predictive scale using data from the National
Surgical Quality Improvement Program (NSQIP) registry from 2011 to 2015. This scale was
based on 14 variables, such as insulin-dependent diabetes and high-risk cardiac physiological
characteristics. It predicted adverse events with a concordance of 0.67 for general events,
0.69 for stroke or death, 0.76 for mortality, 0.73 for prolonged hospitalization, and 0.83 for
non-routine discharge. This scale is effective in predicting adverse events after CEA and can
stratify the risk of patients with symptomatic and asymptomatic Carotid stenosis. It serves as
a valuable tool in risk stratification and patient counseling, aiding in better clinical decision-
making.

Building on traditional analyses, Feng (2020) aimed to assess clinical outcomes and identify
risk factors for MACEs, such as Stroke, Ml, and death. Their study showed a MACE rate of 4.6%,
with 4.02% of Strokes, 0.28% of Ml and death (Figure 2.2). Univariate analysis revealed that
factors such as symptomatic injury, diabetes mellitus, and elevated diastolic blood pressure
(DBP) were significantly associated with the occurrence of MACEs.

Table 2.2 — Outcomes. Adapted from Feng et al. (2020)

Complications n (%)
MACES 16 (4.60)
Death 1(0.28)
Stroke 14 (4.02)

Ischemic stroke 8(2.30)
Hemorrhagic stroke 6(1.72)
Composite 1(0.28)
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In addition, Bai (2020) explored the application of ML methods to identify factors related to
early Cerebral and Myocardial Infarction after CEA. They collected extensive perioperative
data for 443 CEA patients, registering 6 cases of Cerebral Infarction (1.4%) and 10 cases of Ml
(2.3%). The algorithm with the highest accuracy was XGBoost (Figure 2.3).

R AR TR ETRRRETTRET, S 004
0.90 1 - : - -
0.80 1 - - 1
0.70 4 -
0.60 1 - - -
0.50 4 - -
0.40 1 - 1
0.30 + -
0.20 1 - -
0.10 7 - -+
0.00 -

Accuracy rates

Decision Linear ~ Naive Bayes  Artifcial  Quadratic =~ Random Xgboost
tree support neural  discriminant  forest
vector network analysis
machine

Figure 2.1 — Algorithms prediction accuracy from Bai et al (2020)

Based on the importance score, the study identified eight factors as the most influent on the
outcomes, mean arterial pressure during occlusion (T4 MBP), BMI, mean arterial pressure
after the operation (T6 MBP), the standard deviation of systolic pressure during occlusion (T4
SBP standard deviation), diastolic pressure during occlusion (T4 DBP), mean arterial pressure
in the operating room (T2 MBP), systolic pressure during occlusion (T4 SBP), and age (Figure
2.4).

Age

T4 SBP

T2 MBP

T4 DBP

T4 SBP standard deviation
T6 MBP

BMI

T4 MBP 222.

0 50 100 150 200 250
F score

Figure 2.2 — Principal factors of the outcome prediction from Bai et al. (2020)

Finally, Li (2023) performed a systematic review focusing on the impact of diabetes mellitus
(DM) on patients undergoing CEA. Including 19 studies with a total of 122,003 patients, they
found that DM is associated with an increased risk of both short-term and long-term MACE,
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death/Stroke, death, and MI. The study highlighted that patients with DM, especially those
with insulin-dependent DM, have higher risks of adverse outcomes after CEA.

There is a significant body of literature exploring the CEA and its outcomes throughout these
studies. However, there is still a notable gap in the understanding of adverse events and their
predictive factors, mainly due to the lack of consensus around them and the time until their
occurrence. Table 2.3 summarizes all the articles discussed here, highlighting their key findings
and contributions.

A search was conducted using the PubMed and Google Scholar databases to find articles on
predictive models for detecting factors associated with the occurrence of stroke, Ml, and
MACE after CEA. The following keywords were used: "Carotid Endarterectomy", "Carotid
clamping", "Machine Learning", "Outcomes", "Stroke", "Myocardial Infarction", "MACE", "Risk
factors", and "Loco-regional anesthesia".
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Author

Table 2.3 — Literature Review - Overview

Methods

Results

Conclusions

European
Carotid Surgery
Trialists'
Collaborative
Group (1998)

Objective
Evaluate the
advantages and
disadvantages of
CEA, particularly
focusing  on its
effectiveness in

preventing Strokes,
in individuals with
recently
symptomatic Carotid
stenosis.

3024 patients were involved in the
trial, including men and women of
any age, with some degree of Carotid
stenosis, who had experienced at
least one transient or mild
symptomatic ischemic vascular event
in the previous 6 months, affecting
one or both Carotid Arteries. The
control group comprised 40% of
patients.

No significant difference in the overall
occurrence of major Stroke or death between
the surgery and control groups. The risk of major
Stroke on the same side as the untreated
symptomatic Carotid Artery increased with
stenosis severity, but only for the first 2-3 years
post-randomization. For stenosis exceeding
80%, immediate surgery reduces the long-term
Stroke risk. At 3 years, major Stroke or death
occurred in 26.5% of the control group
compared to 14.9% of the surgery group. Age
and sex variations influenced the patient
selection for surgery.

CEA is indicated for
patients with
symptomatic
stenosis greater than
80%. Age and gender
are important
factors when
deciding whether to
operate.

Ferguson et al.
(1999)

Report surgical
outcomes in patients
who underwent CEA
in NASCET.

The study involved 1415 patients and
calculated the rates of perioperative
Stroke and death at 30 days and the
final assessment of Stroke severity at
90 days, identified the variables that
increased or decreased perioperative
risk using a regression model,
documented non-resultant surgical
complications and analyzed the
durability of CEA.

The study recorded 92 perioperative events. At
30 days, the rates were: death 1.1%, disabling
Stroke 1.8%, and non-disabling Stroke 3.7%. At
90 days, death remained at 1.1%, disabling
Stroke decreased to 0.9%, and non-disabling
Stroke increased to 4.5%. Thromboembolism
was the primary cause of most Strokes. A history
of Coronary Artery disease with previous cardiac
procedures reduced risk. There were 30
intraoperative and 62 postoperative events.
Eight years post-surgery, the risk of disabling
ipsilateral Stroke was 5.7%, and the overall risk
of any ipsilateral Stroke was 17.1%.

While the combined
rate of perioperative

Stroke and death
stood at 6.5%, the
incidence of

permanently

disabling Stroke and
death was notably
lower at 2.0%.
Notably, CEA was
demonstrated to be
an effective
procedure.
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Rockman et al.

Investigate
perioperative
neurological events
and assess whether a
detailed examination

A review of 38 patients (1.9%) who
manifested IND during the
perioperative period in 2024 patients
who underwent CEAs between 1985
and 1997. Statistical analysis was

IND had various causes: clamping ischemia

(13.2%), thromboembolic events (63.2%),
intracerebral  hemorrhage (13.2%), and
unrelated factors (10.5%). Those occurring
within 24 hours were mostly due to

Deficits within 24
hours are likely due
to intraluminal
thrombus,
warranting
immediate
reexploration to
remove embolic

(2000) of their timing and carried out using the SPSS program, thromboembolic events (88.0%), while later sources and correct
underlying  causes and results with a P < 0.05 were deficits were linked to other causes. Immediate technical issues,
could identify cases considered significant, using tests exploration helped resolve or notably improve potentially
that may benefit such as the x2 or Fisher's exact test deficits in 66.7% of cases where intraluminal improving
from reoperation. for comparisons. thrombus was noted. neurologic outcomes

by preventing
ongoing
embolization.
. The risk iated
. . The study analyzed 35,698 patients, of whom .e rIsks associate
Develop a risk factor- The study conducted a retrospective . with CEA vary based
.. . . 56.1% were asymptomatic and 43.9% were . .
based predictive cohort analysis of patients who . . -y on patient-specific
symptomatic. The observed risks within 30 days .
model for outcomes underwent CEA between 2005 and characteristics. The
. ) . . after CEA were 1.64% for Stroke, 0.69% for Ml, ) .
in CEA by analyzing 2010, using data from the American _— . model is not suitable
) . . and 0.75% for death. Multivariate analysis o .
. patient College of Surgeons National Quality | e for individual risk

Bekelis et al. - . identified factors such as advanced age, male
characteristics and Improvement Project database. . . assessment but

(2013) . s .. . sex, and a history of cardiovascular and .
identifying Multivariate analysis was performed . . . serves as a baseline
. . . . . pulmonary conditions as independent predictors
independent risk to identify independent risk factors .. for future

. . . . of adverse outcomes. A predictive model was .
factors  associated associated with postoperative e e o . improvements and
. . ) ) developed, highlighting the significant impact of
with  postoperative Stroke, Myocardial Infarction, or i i . the development of
age on the risk of Myocardial Infarction and
Stroke, Ml, or death.  death. more accurate

death.

predictive models.
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Barbetta et al.
(2014)

Evaluate the results
of U-CEA procedures
performed on
acutely symptomatic
patients using a
straightforward
selection protocol.

From January 2002 to January 2012,
in a total of 193 patients, 90 had
acute symptoms and underwent U-
CAE, where 27 registered transient
ischemic attacks, 52 had Mild to
Moderate strokes and 11 had a
Stroke in evolution. The statistical
analysis involved descriptive,
inferential, and significant testing
methods to evaluate data.

Acute patients had higher Stroke rates and more
Coronary Artery disease history compared to
elective patients. U-CEAs performed within 48
hours from symptom onset had a lower
postoperative Stroke rate (4.4% vs 8.8%; P < .3).
Among those with Strokes, NIH Stroke Scale
assessment at discharge showed improvement
in 79% (25% with significant reduction). Patients
with moderate Strokes improved slightly better
than those with mild Strokes (P <.001).

U-CEA shows a
higher risk compared
to elective surgery.
U-CEA is safe for
patients with
transient  ischemic
attacks. Acceptable
outcomes were seen
in minor to
moderate Strokes.

Dua A. et al.

(2016)

Identify factors
related to patients
and hospitals that
negatively influence
outcomes.

Between 1998 and 2012, 1,756,445
patients who underwent CEA or CAS
were identified from healthcare
databases. A regression analysis was
conducted to determine odds ratios.
A subgroup analysis matched
asymptomatic and symptomatic
patients based on Chalson scores in a
1:1 risk-matched comparison.

Symptomatic disease led to worse outcomes for
both CEA and CAS. In risk-matched
asymptomatic and symptomatic patients,
female gender (P < .001) and performing 1-2
cases annually (P < .05) were associated with
higher Stroke risk. Predictors of MI included
congestive heart failure and peripheral artery
disease (P < .05), while bleeding predictors
included peripheral artery disease and COPD for
symptomatic patients.

Patients opting for
CEA consistently
demonstrate better
outcomes compared
to matched groups
undergoing CAS.

Chaudhry et al.
(2016)

Develop and validate

a new index to
provide risk
adjustment and to
predict  in-hospital
patient outcomes

undergoing CEA.

Using Nationwide Inpatient Sample
data, the study investigated Stroke,
cardiac complications, and mortality
rates before CEA. Multivariate logistic
regression was applied. A risk index
score was developed.

Several predictors, including age, atrial
fibrillation, congestive heart failure, smoking,
symptomatic status, and chronic renal failure,
were identified. Validation in a separate cohort
showed that patients with higher risk index
scores had higher rates of the composite
endpoint. The risk index had a receiver operating
characteristic curve of 68.5%.

A risk index method
in comparative
studies for CAS
placement  versus
CEA would facilitate
more informed
decision and
improve the quality
of the services.
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37 studies developing 46 prediction models were

Incomplete
reporting,

Identify and Systematic literature review of found, mainly for CEA patients predicting short- .
. L , .. . . . methodological
summarize existing studies that developed a prediction term risks like Stroke or death. Age, diabetes, .
. . . . constraints, and the
prediction models model or heart failure, and Carotid stenosis were common absence of external
Volkers et al. used to forecast risk score published wuntil 22 predictors. Around 61% provided full risk validation  obscure
(2018) outcomes following December 2016. Eligible prediction formulas, 46% were internally validated and 26% ..
. . . . the clinical value of
CAS or CEA in models had to predict the risk of were externally validated. Model performance man rediction
patients with Carotid vascular events with at least one ranged from 0.66 to 0.94 for CAS and from 0.58 y P
. ) - o models for outcomes
stenosis. patient characteristic. to 0.74 for CEA. External validations showed c- .
. following CAS or
statistic ranges from 0.55 to 0.
CEA.
The NSQIP CEA risk
Develop an integer- Using data from the NSQIP registry, The derivation and validation cohorts present Q .
. . . . scale effectively
weighted predictive the study applied multivariable adverse event rates of 4.0% and 3.7%, .
- . . . . . . . predicts  post-CEA
scale for adverse logistic regression to identify respectively. The final CEA risk scale assigned the
. . . . L adverse  outcomes
Dasenbrock et events after CEA to predictors of 30-day adverse events. highest risk points to factors such as insulin- .
. . . . L ) and allows for risk
al. (2019) enhance risk A weighted predictive scale was dependent diabetes and high-risk cardiac S
e . stratification of
stratification and constructed based on effect conditions. The model demonstrated a . .
. . . . . patients, supporting
improve patient estimates and validated in a separate concordance of 0.69 for Stroke or death, and . .
counselin opulation 0.76 for mortalit personalized clinical
& pop ' ' v decision-making.
Among the 348 elderly patients studied, the 30-
Evaluate the 30-day Patients who underwent CEA at .g. ybp to CEA can be safely
. . . . day incidence of MACEs was 4.6%. Univariate .
outcomes and risk Xuanwu Hospital, Capital Medical analvsis identified symotomatic lesions. DM. and performed in elderly
factors for MACEs in  University, between 2001 and 2017 . ¥ ¥ p . L patients, but those
. . higher DBP as significant risk factors. . .
Feng et al. elderly patients were analyzed. The primary outcome L . . with diabetes and
. . L Multivariable analysis confirmed DM (OR = . . .
(2020) undergoing CEA wasthe incidence of MACEs within 30 . higher diastolic
o 2.882, p = 0.049) and higher DBP (OR = 1.079, p
through a days post-surgery. Univariable and blood pressure are at

retrospective single-
center analysis.

multivariable
conducted.

analyses were

= 0.004) as independent predictors of MACEs,
while symptomatic lesions were not found to be
an independent risk factor.

increased risk  of
adverse events.

20



Bai P. et
(2020)

al.

Aims to use ML
techniques to
analyze factors
associated with early
Cerebral Infarction
and MI following
CEA.

443 patients undergoing CEA under
general anesthesia were included. It
collected demographic data, medical
history, vascular stenosis degree,
perioperative blood pressure,
occlusion duration, shunt placement,
hospital stay, and occurrence of
Cerebral and Myocardial Infarction.
An ML was built, selecting variables
through single-factor analysis.

The incidence of Cerebral Infarction was 1.4%
(6/443), and MI was 2.3% (10/443). Boost
identified stable factors: average arterial
pressure during occlusion, body mass index,
postoperative arterial pressure, systolic pressure
variability during occlusion, diastolic pressure
during occlusion, mean arterial pressure after
entry, systolic pressure during occlusion, and
age, in descending order of importance.

Blood pressure, BMI,
and age, among
other factors, could
potentially link to
postoperative
Cerebral and Ml
patients undergoing
CEA. Further
investigation is
needed into these
factors using ML
methods.

Li et al. (2023)

Evaluate the impact
of diabetes mellitus
on adverse outcomes
in patients
undergoing CEA for
carotid stenosis.

A systematic review and meta-
analysis were conducted using 19

studies (n = 122,003) published
between 2000 and 2023 from
multiple databases. The study

analyzed short-term and long-term
MACEs, including death, Stroke, M,
and composite outcomes. Subgroup
analyses were performed based on
symptomatic/asymptomatic carotid
stenosis and  insulin/noninsulin-
dependent DM.

DM was associated with an increased risk of
short-term and long-term adverse outcomes
following CEA. In the short term, DM significantly
raised the risk of MACEs, death or Stroke, Stroke
alone, death, and MI. Regarding long-term
outcomes, DM was linked to a higher risk of
MACEs. Subgroup analysis revealed that
asymptomatic patients with DM had an elevated
risk of short-term MACEs, death/Stroke, Stroke,
and MI. In contrast, symptomatic patients with
DM exhibited an increased risk only for short-
term MACEs. Additionally, insulin-dependent
DM was associated with a greater impact on
adverse outcomes, including a higher risk of
death, Stroke, and MI, compared to noninsulin-
dependent DM.

DM is a significant
risk factor for both
short-term and long-
term adverse events
after CEA, with a
greater impact on
asymptomatic
patients. Insulin-
dependent DM
presents a higher risk
than noninsulin-
dependent DM.
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3. METHODOLOGY

This chapter describes the materials and methods used to conduct the study and was divided
into Study Population and Machine Learning Model Construction, where Python programming
language and Pandas software were used to build the models, manipulate, and analyze the
data.

3.1 STUDY POPULATION

The initial dataset comprises 228 patients who underwent CEA under loco-regional anesthesia
at the Centro Hospitalar de S3o Jodo between January 2012 and January 2018, who presented
or not, adverse events after carotid clamping, and 191 variables related to patient data,
surgery data, and hospital information (described in Table 3.1). The study protocol and the
guarantee of data confidentiality/protection were presented to and approved by the Ethics
Committee of Centro Hospitalar de S3o Jodo/Faculdade de Medicina da Universidade do
Porto.

3.2 MACHINE LEARNING MODEL CONSTRUCTION

The construction of the ML models based on the dataset available followed the Cross-Industry
Standard Process for Data Mining (CRISP-DM). This type of methodology consists of six
iterative phases (Business Understanding, Data Understanding, Data Preparation, Modeling,
Evaluation, and Deployment), that help to plan and execute a well-organized data mining
process (Schroer et al., 2021).

Since the study's purpose is to identify the pre- and post-predictive factors of Stroke, Ml, and
MACE after CEA, two models were created: one combining only variables considered before
surgery (Model 1) and another with post-surgery variables (Model 2). The creation of the two
models aimed to reduce leakage and better understand the results.

Table 3.1 — Variables description and type

Variable Description Type
Numero de processo (ND) ID Pre and Post
Dadoshemodinamica Hemodynamic monitoring data -
Data de Nascimento Birth Date Pre and Post
Data da Cirurgia Surgery Date Pre and Post
AVCposop30D Stroke 30 days after Surgery Post
IifsPquSStroke - 0; Watershed stroke Type of Stroke Post
TC-data CT scan Date Pre
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Complica¢cbes30D Outcome 30 days after Surgery Post

ComplicacBesMajorCod30D Major complications 30 days after Post
Surgery

ComplicacdesMinor Minor complications 30 days after Post
Surgery

ComplicacGes pos-operatorias Complications after Surgery Post

Défice inta-opCod Intraoperative Neurological Deficit Pre
Code

Timing Afundamento (0-sem

afundamento-; 1-primeiros L .

minutos/precoce 3; 2 afundamento Time it too!< to man!fest stptoms Pre

tardio 3 a 10; 3 afundamento after Carotid Clamping (Minutes)

tardio depois de 10)

Défice intra-op Manife.sted signs of Cerebral Pre
Ischemia

Anestesia Type of Anesthesia Pre

AnestesiaCod Anesthesia type Code Pre
Type of Intraoperative Cerebral

MétodoAvaliagaoHipolntra Hypoperfusion assessment method Pre
used

Shunt Shunt utilization Pre

Lateralidade Laterality Pre

LateralidadeCod Laterality Code Pre

Doenca circulaciio posterior Presence of Posterior Circulation Pre
Disease

Reestenose pds-operatdria Recurrence of Stenosis after Surgery  Post

Reestenosecod30 Restenosis of 30% Post

RestenoseCod50 Restenosis of 50% Post

RestenoseCod70 Restenosis of 70% Post

PCR C-Reactive Protein values Pre

trop | Troponin | Test value Pre

trop | alta senssibilidade High sensitivity Troponin | Test value Pre

MINS Myocardial Injury after non-Cardiac Pre
Surgery

UPA/UCI — posCEA Unit days after Surgery Post

Internamento — PosCEA Hospitalization days after Surgery Post

FC pre op Heart rate before Surgery Pre

FC pos op Heart rate after Surgery Post

ECG Presence of ECG alterations Pre

Arritmia Presence of Arrhythmia on ECG Pre

Bloqueios ramo Presence of Branch Block Pre

Hemiplegia Paresis Presence Pre

alcoolismo Alcoholic/non-Alcoholic patient Pre
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LeucdcitosPosOp Number of Leukocytes after Surgery  Post
hb pos op Hemoglobin value after Surgery Post
Index of the variability of
RDW Cvpos op Erythrocyte size as variation Post
coefficient
Index of the variability of
RDW Sdposop Erythrocyte size as standard Post
deviation
P fL h f
Linfo%posop ercentage of Lymphocytes after Post
Surgery
Linfabsposop Number of Lymphocytes after Post
Surgery
Neut%posop Percentage of Neutrophils after Post
Surgery
Neutposop Number of Neutrophils after Surgery Post
eosinofilos%posop Percentage of Eosinophils after Post
Surgery
eosinofilosposop Number of Eosinophils after Surgery  Post
MONOCitos%posop Percentage of Monocytes after Post
Surgery
monocitosposop Number of Monocytes after Surgery  Post
plaguetasposop Number of Platelets after Surgery Post
MPVposop Average Platelet Volume after Post
Surgery
Platelet Distribution Width after
pdw_paletetPosOp Post
Surgery
CreatPos Creatine after Surgery Post
UreiaPos Urea after Surgery Post
RRT30D Dialysis realization after Surgery Post
Colesterol total Cholesterol before Surgery Pre
HDL High-Density Lipoprotein Cholesterol Pre
before Surgery
LDL Low-Density Lipoprotein Cholesterol Pre
before Surgery
Triglicerideos Triglyceride before Surgery Pre
intoleranciaglicose Glucose intolerance Pre
Insulinal; ADO 2 Type of Drug Treatment for Diabetes Pre
HBA1C Bl.ood Test values for diagnosing Pre
Diabetes Type 2
3 B- - - -
BNP pre op evel of B-type Natriuretic Peptide in Pre
Blood
AAS Aspirin medication Pre
Clopidogrel-preop Clopidogrel medication Pre
peso Patient Weight (Kg) Pre
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altura Patient Height (Cm) Pre
Bd_mass_ind Body Mass Index (Kg/m2) Pre
. Abdominal Perimeter Calculator

calc_adb_perim Pre
(Cm)

MetSyn Metabolic Syndrome -

. Ipsilateral oximetry measured by
INVOSprelpsilat -
preipstia INVOS system

Contralateral oximetry measured by

INVOSpreContra the INVOS system

. Ipsilateral oximetry after clamping
INVOS I I -
posclampips! measured by the INVOS system

Contralateral oximetry after

INVOSposClampContra clamping measured by the INVOS -
system

Subida com shunt O)fl.met.ry values with shunt i
utilization

. Ipsilateral oximetry values after de-

Pos desclampagem Ipsi ) -
clamping

Hemoglobina Hemoglobin before Surgery Pre
N f Eryth f

Eritrocitos pre op umber of Erythrocytes before Pre
Surgery

Hct pre op Hematocrit before Surgery Pre

MCHC Mean Corpyscular Hemoglobin Pre
Concentration before Surgery
Index of the variability of

RDW-CV Erythrocyte size as variation Pre
coefficient before Surgery
Index of the variability of

RDW-SD Erythrocyte size as standard Pre
deviation

(- Number of Leukocytes before

Leucocitos Pre
Surgery

Linfocitos % Percentage of Lymphocytes before Pre
Surgery

Linf abs Absolute Number of Lymphocytes Pre
before Surgery

Neutrofilos % Percentage of Neutrophils before Pre
Surgery

Neutrofilos abs Number of Neutrophils before Pre
Surgery before Surgery

MonocitepercentAbsol Absolute Percentage of Monocytes Pre
before Surgery

MonciteabsolPre Absolute Number of Monocytes Pre
before Surgery

Plaguetas Number of Platelets before Surgery  Pre
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Average Platelet Volume before

Plaquetas(MPV) Surgery Pre

Plquetas(PDW) Platelet Distribution Width before Pre
Surgery

ABO - 0-0; A-1; B2; AB3 Blood type Pre

RH+ Presence of the Rhesus factor Pre

Creatinina Creatinine before Surgery Pre

ureia Urea before Surgery Pre

sodio Sodium before Surgery Pre

potassio Potassium before Surgery Pre
Time from skin incision to skin

pele a pele closure (Hours and Minutes) Pre

. Time from skin incision to skin

pele a pele Min closure (Minutes) Pre

tempo de clampagemContado Clamping time (Hours and Minutes)  Pre

tempo de clampagem (Min) Clamping time (Minutes) Pre

PAD — agudizacio Episode of Acute Peripheral Arterial Post
Disease

PADagudizacio data Occurring. Date of Acute Peripheral Post
Arterial Disease

EAM Episod.e of Acute Myocardial Post
Infarction

EAM data Occurrfng Date of Acute Myocardial Post
Infarction

ICA Episode of Acute Heart Failure Post

ICA data Oc.curring Date of Acute Heart Post
Failure

AVC Episode of Stroke Post

AVC data Occurring Date of Stroke Post

Mortalidade Death Post

DeathDate Date of Death Post

Causa Cause of Death Post

MACE Episgde of Major Adverse Post
Cardiovascular Events

MACEDate Occu_rring Date of Major Adverse Post
Cardiovascular Events
Major Adverse Cardiovascular

MACE+CerebroVascular Events and Cerebrovascular Events Post
Episode
Occurring Date of Major Adverse

MACE+CerebrovascularDate Cardiovascular Events and Post
Cerebrovascular Events

Idade Patient's age (Years) Post

Idade Superior a 75 Patients aged 75 or over Pre
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Sexo F=0 M=1 Patient’s sex Pre
HTA Hypertensive patient Pre
Fumador Smoker Pre
DM Diabetic Pre
Dislipidemia/estatina Statin medication Pre
DRC - creat sup. 1.5 Chronic Kdney Disease Pre
Obesidade Obesity Pre
PADpreop Peripheral Arterial Disease Pre
DAC Coronary Artery Disease Pre
Atherosclerosis Presence of Atherosclerosis Pre
FA pre op Atrial Fibrillation Pre
Chronic Obstructive Pulmonary
DPOC/SAHOS/DPRC Disease, Obstructive Sleep Apnea Pre
Syndrome
FE<40 Ejection Fraction less than 40% Pre
FEVE Left Ventricular Ejection Fraction Pre
CABG Coronary Artery Bypass Graft Pre
Surgery
. Presence of a Stent in the Coronary
Stentcoronario Pre
Artery
CardiacStressTest2Y (0-not done;
ardiacotress 1es (0-not done; Cardiac Stress Test Pre
1-normal; 2-altered)
RevascNonCoronaryPreop Absence Of. Coronary Pre
Revascularization
Cx Cardiaca mesmo internamento? Cardlgc ?urg.ery in the same Pre
Hospitalization
mRankim Stroke Assessment Scale Pre
Status funcional Patient's Functional Capacity Pre
2-Status Funcional Patient's Fun.ctlon.al CapfaC|ty Pre
(StatusFunctional inversion)
Nihss St.roke severity quantification by Pre
Nihss Scale
Estenose Type of stenosis Pre
SintomaticCod Stenosis type Code Pre
Se sintomatica - Quanto tempo Time p'assed .smce surgery until the
. ) stenosis manifests as symptomatic Pre
evento-cirurgia
(days)
SintomaticSimp Stenosis type Code Pre
Técnica cirurgica Technique used Pre
TecnicaCod Technique code used Pre
PatchCod Patch utilization (Code) Pre
Grau de estenose Stenosis Degree (%) Pre
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Degree of stenosis on the opposite

Grau de est tra-lateral P
rau de estenose contra-latera side of the Index Surgery re
EstenoselpsiCod Range of Ipsilateral Stenosis Degree  Pre
EstenoseContraCod Range of Contra-lateral stenosis Pre
Degree
Fibrindlise Fibrinolysis Pre
ASA Patle_n_t S s',tate according to ASA Pre
classification system
NUMero anti-HTA Nur.nber. of Ahtlhype.rtenswes the Pre
patient is taking until Surgery
IECAs/ARAS Hypertensive Vitamins Pre
BB Beta Blockers medication Pre
BCC Calcium Chanel Blockers Pre
DiureticoTiazidicos Thiazide diuretic medication Pre
Nitratos Nitrates medication Pre
AngioTC_data Date of CT Angio Pre
CT pre-op CT realization Pre
CT data CT scan Date Pre
ARWC — cértex Fazekas Score Pre
ARWC - basal ganglia Fazekas Score Pre
Tissue stroke - 0; Watershed stroke
1 Stroke subtype Pre
ACM Stroke affects ACM territory Pre
ACA Stroke affects ACA territory Pre
ACP Stroke affects ACP territory Pre
Fetal ACP Presence of Fetal Posterior Cerebral Pre
- Artery
Fetal ACP_ lado Side of the Fetal Posterior Cerebral Pre
Artery
PWAnNtSuf Anterior part of the Willis Polygon Pre
PWpostSuf Back of the Willis Polygon Pre
Tissue stroke - 0; Watershed stroke
Stroke subtype Pre
1-Pre
PAD internamentp Dlastf)Ilc. quod Pressure during Pre
Hospitalization
B ;
PAS internamentp Systolic Blood Pressure during Pre

Hospitalization

intern_pas

Systolic Blood Pressure before
Hospitalization

Incisao

Incision time

clamp_missing

Lack of clamping

clamp

Clamping time

desclamp_missing

Lack of de-clamplification
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Desclamp Time to de-clamping -

tempo_clamp Clamping Time -
fimcir Surgery end Time -
tempo_cir Surgery Duration -
upa_missing Missing data for Hospital entry Time -
upa_in Time of entry in the Hospital -

3.2.1 Data Exploration

Data Exploration allows us to understand the dataset by examining and visualizing it, as well
as identifying necessary adjustments to improve data quality and model performance (Schréer
et al., 2021). As mentioned above, the dataset is made up of 191 variables (described in Table
3.1), of which 55 are categorical (object), 133 are numerical (float and int) and 3 are dates
(datetime).

Table 3.2 presents the statistical information from the three outcomes of interest to the study
and that are going to be combined to form the target variable. As is possible to see, all the
variables have a total of 228 observations, indicating no missing values. Each variable has
three distinct categories, which doesn’t make sense, since all of them are binary variables. The
most frequent value in all cases is 0, suggesting that the majority of instances do not exhibit
the corresponding event. Specifically, for EAM, the value 0 appears in 211 cases (92.5%), for
AVC, in 197 cases (86.4%), and for MACE, in 159 cases (69.7%), highlighting a strong class
imbalance. This imbalance can impact modeling, resulting in biased results, thus it will need
to be addressed. Besides this, the variables are represented as categorical, however, as
mentioned before, they are all binary, which means that datatypes are also incorrect.

Table 3.2 — Statistical Information for the outcomes in both models

Variable Count Unique Top Frequency
EAM 228 3 0 211
AVC 228 3 0 197
MACE 228 3 0 159

3.2.2 Data Pre-Processing

During Data Pre-Processing the data is processed to eliminate any inconsistencies detected on
Data Exploration, as well as processing missing values and outliers (Schroer et al., 2021).
Before any Data Preparation, duplicate data was checked and the variable Numero de
Processo (ND) was set to index in both models.
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3.2.2.1 Data Cleaning

Besides the elimination of black columns and the variables considered post-surgery in Model
1 and pre-surgery in Model 2, both models had columns with some kind of problem, namely
redundancy and irrelevance. At the same time, some patients had missing values in more than
50% of the variables, and one patient had not undergone CEA. The Data Cleaning phase was
therefore carried out in both models to eliminate all these columns/ID numbers (Table 3.3).
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Table 3.3 — Data Exclusions During Cleaning Phase

Criteria for eliminating

Redundant Columns

Column’s Name/ID Number

Lateralidade, Linfocitos %, Neutrofilos %, 2-Status
Funcional, Técnica cirurgica, Idade Superior a 75,
Data de Nascimento, Grau de estenose, MCHC

Anestesia, AnestesiaCod,

rCnOe!:rr:i]:gs with no MétodoAvaliacdaoHipolntra, Défice intra-op, TC-data,
CT_data, CT pre-op, AngioTC_data
Dadoshemodinamica, MetSync, [INVOSprelpsilat,
INVOSpreContra, INVOSposclamplpsi,
INVOSposClampContra, Subida com shunt, Pos
desclampagem  Ipsi, intern_pas, incisao,

Columns  with no clamp_missing, clémp', desclamp_n.wissing, desc'larnp,
tempo_clamp, fimcir, tempo_cir, upa_missing,

relevance

upa_in, PAD — agudizacdo, PADagudizacdo data, ICA,
ICA data, Mortalidade, DeathDate, Causa,
MACE+CerebroVascular,
MACE+CerebrovascularDate, EAM data, AVC data,
MACEDate

Columns with no sense
of values

FE<40

IDs with missing values
in more than 50% of the
columns

6029821, 23014428, 1005994, 17012730, 4019783,
93078862, 1005994, 98028667, 5035373, 94048239

Didn’t realize CEA

93071715

Redundant Columns

Linf%posop,
monocitosposop

Neut%posop, eosinofilosposop,

Columns with

relevance

no

Dadoshemodinamica, MetSync, INVOSprelpsilat,
INVOSpreContra, INVOSposclamplpsi,
INVOSposClampContra, Subida com shunt, Pos
desclampagem  Ipsi, intern_pas, incisao,

clamp_missing, clamp, desclamp_missing, desclamp,
tempo_clamp, fimcir, tempo_cir, upa_missing,
upa_in, PAD — agudiza¢do, PADagudizagao data, ICA,
ICA data, Mortalidade, DeathDate, Causa,
MACE+CerebroVascular,
MACE+CerebrovascularDate, EAM data, AVC data,
MACEDate

IDs with missing values
in more than 50% of the
columns

6029821, 23014428, 1005994, 17012730, 4019783,
93078862, 1005994, 98028667, 5035373, 94048239

Didn’t realize CEA

93071715
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3.2.2.2 Missing Data

Most of the ML algorithms cannot deal with missing data, besides that the presence of missing
values complicates data analysis as well as the validation of results and conclusions. There are
many ways to manage missing values (Acuna & Rodriguez, 2004).

After analyzing the missing values in both models, variables with over 15% missingness were
removed and for the rest, the strategy adopted was replacing the missing values with mode
on categorical variables and mean in numerical variables to maintain the original distribution
of the data.

3.2.2.3 Outliers

Outliers are data points that deviate significantly from most observations in a dataset. In
predictive modeling, outliers can heavily skew the results, leading to biased parameter
estimates, reduced model accuracy, and poor performance of ML algorithms (Aggarwal,
2017).

Given the context of this dataset, which involves clinical data, it was acknowledged that
outliers might not always be the result of errors. In healthcare datasets, outliers may represent
patients with specific medical conditions, making these data points clinically relevant.
Therefore, in both models, to identify possible outliers, histograms were constructed for each
of the numerical variables and after that, it was considered:

= Reference values for each variable that appeared to have outliers by consulting the
review published by Zahorec (2021) and the documents Intervalos de referéncia
(convencionais) and Laboratory Tests Reference Ranges published by the
Administracdo Central do Sistema de Saude (ACSS) and the American Board of Internal
Medicine (ABIM), respectively (the reference values for the interest variables are
detailed in Table 3.4).

= Number of apparently extreme values registered.

= Values of the correlated variables within the same patient.
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Table 3.4 — Reference values by Zahorec (2021), ACSS and ABIM Clinical Reference Ranges

Reference values

Marker
Lower Normal

Cardiac Frequency (bpm) <60 60-100 >100
Cholesterol (mg/dL) <40 40-200 >200
Creatinine (mg/dL) <0.6 0.6-1.3 >1.3
Eosinophils (%) <1 1-3 >3
Erythrocytes (million/uL) <4.1 4.1-5.9 >5.9
FEVE (%) <52 52-74 >74
HCT <41 41-50 >50
HDL (mg/dL) <40 240 -
Hemoglobin (g/dL) <13 13-18 >18
LDL (mg/dL) - 100-129 >129
MCHC (g/dL) <33 33-36 >36
Monocytes (%) <3 3-7 >7
MPV (fl) <7 7-9 >9
NLR <1 1-2 >2
PDW (fl) <9 9-17 >17
Potassium (mEq/L) <3.5 3.5-5.0 >5.0
Platelet (x109/L) <150 150-400 >400
RDW Cv (%) <11.5 11.5-14-5 >14.5
RDW Sd (fl) <39 39-46 >46
Sodium (mEq/L) <135 135-145 >145
Triglycerides (mg/dL) - <150 >150
Troponin | (ng/mL) <0 0-0.04 >0.04
Urea (mL/min) <40 40-60 >60

The identification of the possible outliers in the different variables was done using the
interquartile range (IQR) method, a common technique in exploratory data analysis, and was
also counted the frequency of outliers in each variable to identify patterns in the different
rows. The IQR method defines outliers as observations that fall outside the range of [Q1 —
1.5 X IQR,Q3 + 1.5 X IQR], where Q1 and Q3 represent the first and third quartiles of the
data, respectively. The IQR, or the difference between these quartiles, captures the middle
50% of the data, while points falling far outside this range are flagged as potential outliers
(Tukey, 1977).
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This approach strikes a balance between the need to maintain data integrity and avoid bias,
while recognizing the potential importance of extreme values in clinical settings (Aggarwal,
2017; Osborne & Overbay, 2004).

None of the variables were eliminated at this stage; however, in each of the models, the
extreme values that were considered outliers after evaluation were eliminated, which can be
consulted in Table 3.5.

Table 3.5 — Outliers and elimination criteria

Variable Elimination Criteria
trop | ==5.69
HDL == 14
Eritrocitos pre op ==11.9
1 Hct pre op ==10.9
Hct pre op == 88
ureia <1
FEVE ==
hb pos op <5
RDW Cvpos op >18.9
RDW Sdposop <10and>70
Linfabsposop > 30
2 Neutposop >16
eosinofilos%posop >10
monocitos%posop > 25
Plaguetasposop <50
MPVposop <2

3.2.2.4 Features Engineering

In the Feature Engineering phase, the target variable was created, consisting of a multi-class
variable constructed from the outcomes to be predicted: MI, Stroke, and MACE. These
outcomes initially represented as individual columns in the dataset, were combined to form a
single categorical variable — Outcome - which classifies patients based on the occurrence of
one or more of these events.

The construction of the variable followed a logic of mutually exclusive conditions. The
reference group, corresponding to patients with none of the events, was assigned the value
0. The different scenarios were then defined: patients with only Ml (1), only Stroke (2) or only
MACE (3). For those with multiple events, additional categories were created: Ml and Stroke
(4), MI and MACE (5), Stroke and MACE (6), and finally, patients with all three events
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simultaneously (7). Each patient was assigned to the class using the np.select() function,
ensuring efficient classification without overlapping.

Besides constructing the target variable, the variable originally represented as a date, Data da
Cirurgia, was converted into numerical value, creating DaysSinceSurgery. In addition, the
Ratio of Neutrophils and Lymphocytes (NLR pre and NLR pos) was calculated, based on the
variables Neutposop and Linfabsposop, to assess the patient's inflammatory status.

Finally, the variables corresponding to laboratory parameters were discretized into bins based
on the reference values, as already shown in Table 3.3. This approach made it possible to
transform continuous variables into interpretable categories, facilitating analysis and
potentially improving the performance of predictive models.

3.2.3 Train Test Split

For the development of a predictive model, it is essential to divide the dataset into training
and test sets. This separation allows the model to learn patterns from the training data while
keeping an independent test set for evaluation (Hastie, Tibshirani, & Friedman, 2009).

During this process, the class imbalance in the dataset became even more evident, also
revealing that classes 1 and 4 had no records at all (Figure 3.1 and Figure 3.2). To address this
issue, firstly, class 7 was eliminated, since it presents only 2 registers, which is not enough for
the model to learn any kind of pattern. Secondly, the Synthetic Minority Oversampling
Technique (SMOTE) was applied. SMOTE generates synthetic examples for the minority class
by interpolating between existing data points, rather than merely duplicating them (Chawla
et al.,, 2002).

120 4
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60 4

20 A

0 2 3 5 6 7

Figure 3.1 — Target variable class imbalance Model 1
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Figure 3.2 — Target variable class imbalance Model 2

3.2.4 Feature Selection

Feature selection is a crucial step in developing a predictive model, as it involves reducing the
input variables based on their significance in predicting the outcome (Li et al., 2018). To ensure
a comprehensive approach, several methods were used for the two models: Spearman
Correlation, Analysis of Variance (ANOVA), Decision Trees (DT), Random Forest, Lasso
Regression, Adaptive Boosting (AdaBoost), and Recursive Feature Elimination (RFE). This
multiplicity of methods avoids reliance on a single technique and ensures robust selection.

Spearman correlation (Ali & Al-Hameed, 2022) and the Variance Inflation Factor (VIF) were
used to assess multicollinearity. A threshold of 0.7 was set for Spearman correlation, and a
threshold of 50 was established for VIF. Variables that exhibited a high correlation (above 0.7)
and a high VIF (above 50) were removed. VIF (Salmerdn et al., 2020) is a metric that detects
multicollinearity among independent variables. A VIF close to 1 indicates low collinearity,
while values above 5 or 10 suggest moderate to high collinearity. A VIF above 50, as used in
this analysis, indicates severe collinearity, warranting variable removal to maintain model
stability and interpretability.

ANOVA (Kim, 2014) is a statistical test that helps determine which features have a significant
impact on the target variable, making it a valuable tool for selecting relevant predictors.
Similarly, Decision Trees (DT) (Gupta et al., 2017) assist in identifying the most influential
variables for classification while also providing a clear visualization of their relative
importance. Expanding on this approach, Random Forest (Boulesteix et al., 2021) leverages an
ensemble of decision trees to improve accuracy and mitigate overfitting, offering a robust
method for estimating feature importance. Meanwhile, Lasso Regression (Muthukrishnan et
al., 2016) enhances model simplicity by performing automatic feature selection, eliminating
non-significant coefficients, and retaining only the most impactful variables. AdaBoost (Cao et
al., 2013), refines model accuracy by giving more weight to the most critical features,
progressively improving classification performance. Finally, Recursive Feature Elimination
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(RFE) (Dadebayev et al., 2021) systematically removes less important variables to identify the
subset that contributes most to the model’s predictive power.

3.2.4.1 Final Feature Selection

To enhance the robustness of variable selection and improve the reliability and accuracy of
predictions, only the variables identified as relevant by more than two methods were retained
to construct the final predictive model. Additionally, any selected variables not originally
named in English were renamed based on their respective characteristics (Table 3.6).
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Table 3.6 — Final features selected

Model Features Selected Final Feature Name

PADpreop PreOp PAD
Doenga circulagao posterior Posterior Circulation Disease
FA pre op PreOp Atrial Fibrillation
RDW-CV PreOp RDW CV
RDW-SD PreOp RDW SD
DRC - creat sup. 1.5 Chronic Kidney Disease
Hemiplegia PreOp Paresis
altura Height
Status funcional Functional State
DAC CAD

1 DaysSinceSurgery DaysSinceSurgery
EstenoseContraCod Contralateral stenosis
Bd_mass_ind Body Mass Index
Idade Age
AAS Acetylsalicylic Acid
Défice inta-opCod IND
ureia PreOp Urea
EstenoselpsiCod Ipsilateral stenosis
Numero anti-HTA Anti-Hypertensors Number
Hemoglobina PreOp Hemoglobin
CardiacStressTest2Y (0-not done; 1- .

Cardiac Stress Test

normal; 2-altered)
FC pos op PostOp Heart Rate
DaysSinceSurgery DaysSinceSurgery
Age Age

5 RDW Cvpos op PostOp RDW CV

RDW Sdposop

PostOp RDW SD

RestenoseCod70

Restenose 70%

monocitos%posop

PosOp Monocytes

AVCposop30D

30D PostOp Stroke
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3.2.5 Model Development and Selection

During the model creation phase, various algorithms were employed to compare their
performances and select the most suitable one. The algorithms used included K-Nearest
Neighbors (kNN), Naive Bayes, Logistic Regression, Random Forest, Extreme Gradient
Boosting (XGBoost), Decision Trees, Support Vector Machine (SVM), and Neural Networks.
These algorithms were chosen for their different approaches and modeling capabilities,
allowing a comprehensive analysis of variables and ensuring the final model is robust and
accurate. The modeling phase was equal to the different models, to guarantee a more precise
comparison.

K-Nearest Neighbors (KNN) (Taunk et al., 2019) was chosen for its ability to handle multiple
classes effectively and for its strong performance on small datasets, which aligns well with the
study's dataset characteristics. Similarly, Naive Bayes (Wickramasinghe & Kalutarage, 2021)
was included due to its simplicity, speed of implementation, and effectiveness. Despite this
assumption rarely holding in practice, Naive Bayes often delivers robust results. Logistic
Regression (Smita M., 2021) was selected for its interpretability, as it allows for the direct
examination of how each explanatory variable influences the probability of the outcome. This
characteristic is particularly valuable in medical studies, where understanding the relationship
between risk factors and clinical events is crucial. To capture more complex interactions
between features, Random Forest (Shaik & Srinivasan, 2019) was chosen for its ability to
introduce variation into the learning process, reducing overfitting and providing a reliable
measure of feature importance. Likewise, Decision Trees (DTs) (Gupta et al., 2017) were used
due to their interpretability and capacity to model non-linear relationships, making them
especially useful for understanding which variables are most critical in predicting adverse
outcomes. XGBoost (Budholiya et al.,, 2022) was included because of its high efficiency,
particularly in scenarios requiring strong predictive performance. Its ability to handle complex
data structures makes it a powerful choice for medical outcome predictions. Support Vector
Machines (SVMs) (Cervantes et al., 2020) were also considered, as they perform well in high-
dimensional spaces and allow for the use of different kernels (linear, polynomial, RBF),
enabling the capture of non-linear relationships within the data. Finally, Neural Networks
(Dastres & Soori, 2021) were integrated into the analysis due to their flexibility in learning
complex patterns. This characteristic is particularly relevant in a medical context, where
interactions between clinical variables can be intricate and difficult to model using traditional
statistical methods.

3.2.5.9 Evaluation Metrics

Various metrics are essential for evaluating the performance of ML algorithms and gaining a
comprehensive understanding of their effectiveness. Common evaluation metrics include
Accuracy, Precision, Recall, F1-score, and ROC curve (AUC-ROC) (M & M.N, 2015).

39



The study presented used Accuracy as the primary metric offering a straightforward
assessment of the model’s performance (Ferri et al., 2009).

A classification report was generated to better analyze the model's performance. This tool
provides a detailed breakdown of performance metrics for each class, including precision - the
ratio of true positive predictions to the total predicted positives, indicating the accuracy of
positive predictions -, recall - the ratio of true positive predictions to all actual positives,
measuring the model’s ability to identify all relevant cases within a dataset -, F1-score - mean
of precision and recall, balances the two metrics -, and support - the number of actual
occurrences of each class in the dataset rates (Sokolova & Lapalme, 2009).

3.2.5.10 Hyperparameter Optimization

Hyperparameter optimization is a crucial step in developing ML models, as these parameters
significantly impact the model's performance (Yang & Shami, 2020). Before optimizing the
parameters, all the algorithms were tested with the default ones, and all those with an
accuracy above 55% were selected for optimization, using Randomized Search (RS), which
explores the search space and randomly selects a predefined number of hyperparameter
combinations (Yang & Shami, 2020). This selection criterion focused optimization efforts on
high-potential models, ensuring that time and resources are used effectively. Table 3.7 details
the hyperparameters used for the models that perform better and went through
hyperparameter optimization phase.

Table 3.7 — Hyperparameters used for performance optimization

Algorithm Hyperparameters

criterion, max_depth, min_samples_split, min_samples_leaf,
DT max_features, class_weight, min_impurity_decrease,
max_leaf_nodes

C, solver, penalty, max_iter, multi_class, fit_intercept,
Logistic Regression intercept_scaling, class_weight, I1_ratio, tol, verbose,
warm_start

n_estimators, max_depht, min_samples_split,
Random Forest min_samples_leaf, max_features, class_weight, criterion,
max_leaf_nodes, verbose

Objective, num_class, booster, alpha, lambda, max_depht,
XGBoost learning_rate, n_estimators, subsample, colsample_bytree,
min_child_weight, grow_policy
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3.2.6 Feature Importance

In this study, the feature importance stage was conducted using the Shapley Additive
Explanations (SHAP) method and was done in each class individually, since it was a multi class
model. SHAP is an interpretative approach that aims to explain the predictions of ML models
by quantifying the individual contribution of each feature to the model's output. SHAP's main
objective is to provide consistent and local explanations of model predictions, allowing for
better interpretation (Scavuzzo et al. 2022).
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4. RESULTS AND DISCUSSION

After addressing all preprocessing challenges, the development of the predictive models was
carried out. As previously mentioned, this study aims to identify pre- and post-surgery factors
that influence the occurrence of adverse events (MACE, MI, and Stroke) following CEA under
loco-regional anesthesia. To achieve this, two distinct models were developed: one
considering only pre-factors and the other based exclusively on post-factors.

4.1 MopEeL 1

4.1.1. Pre-Hyperparameter Tunning Results

This initial approach tested multiple algorithms using default hyperparameters to assess their
baseline performance. The results highlighted varying levels of effectiveness across the
models, with XGBoost and Random Forest emerging as the top performers, being the only
models to surpass 55% accuracy. Random Forest achieved the highest accuracy at 62.5% and
a ROCAUC of 0.59, demonstrating a moderate ability to distinguish between classes. However,
while it almost perfectly classified class 0, it struggled significantly with the remaining classes,
particularly classes 2, 3, 5, and 6, failing to correctly identify them. XGBoost followed closely,
achieving an accuracy of 57.5% and a ROC AUC of 0.63, indicating a slightly better overall
ability to differentiate between classes. Despite this, its classification remained heavily skewed
towards class 0, while it exhibited difficulties in correctly predicting the other classes,
particularly classes 2, 5, and 6.

The remaining models exhibited moderate to low performance, failing to exceed the 55%
accuracy threshold. Given these results, only XGBoost and Random Forest were selected for
further fine-tuning and optimization, as they demonstrated the highest potential for
predictive accuracy despite their misclassification of minority classes.

4.1.2. Post-Hyperparameter Tunning Results

After performing hyperparameter optimization by testing various parameter combinations,
the results show a moderate improvement in model performance compared to the baseline
evaluation. The optimized hyperparameters and their respective values are described in Table
4.1.
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Table 4.1 — Hyperparameters optimized and respectively value in Model 1

Algorithm Hyperparameters Values
n_estimators 140
max_depth 96
min_samples_split 10
min_samples_leaf 7
Random Forest max_features 0.986450070336335
class_weight None
criterion gini
max_leaf_nodes 40
verbose 9
objective multi:softprob
num_class 5
booster gbtree
alpha 0
lambda 0
max_depth 5
XGBoost
learning_rate 0.05
n_estimators 100
subsample 0.6
colsample_bytree 1.0
min_child_weight 1
grow_policy deptwise

Random Forest achieved the highest accuracy (65.0%) and the best ROC AUC score (0.70),
indicating a stronger ability to distinguish between classes compared to XGBoost. This model
perfectly classified class 0, but struggled with minority classes, particularly class 2, 5, and 6,
which were not classified correctly. XGBoost followed with an accuracy of 60% and a ROC AUC
score of 0.65. It also performed well for class 0, but failed to effectively classify classes 2, 3, 5,
and 6, leading to lower overall recall and precision. The XGBoost model benefited from tuning
parameters such as increasing max_depth to 10, setting the booster to 'gbtree’, adjusting the
learning rate to 0.05, and optimizing regularization parameters (alpha and lambda set to 0).
These adjustments aimed at improving model generalization, though challenges remained in
predicting minority classes. For Random Forest, the best results were achieved with 140
estimators, a maximum depth of 96, a max_features value of 0.99, and fine-tuned
min_samples_split and min_samples_leaf parameters. These optimizations contributed to an
overall improvement in predictive performance, particularly for the majority class.
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Given these results, Random Forest was selected as the primary model due to its superior
classification performance for feature importance evaluation.

Table 4.2 — Results after hyperparameters optimization in Model 1

. Evaluation Metric
Algorithm Class

Precision Recall F1-Score Support Accuracy ROCAUC

0 0.71 1.00 0.83 25
2 0.00 0.00 0.00 3
Random
3 0.33 0.14 0.20 7 65% 0.70
Forest
5 0.00 0.00 0.00
6 0.00 0.00 0.00 2
0 0.68 0.92 0.78 25
2 0.00 0.00 0.00 3
XGBoost 3 0.25 0.14 0.18 7 60% 0.65
5 0.00 0.00 0.00 3
6 0.00 0.00 0.00 2

4.1.3. Feature Importance Evaluation

In terms of feature importance, Random Forest revealed distinct patterns across the different
classes, presenting DaysSinceSurgery, Age and Body Mass Index variables as the most
important for the majority of the classes. As described above, class 0 corresponds to no event,
class 2 to Stroke, class 3 to MACE and classes 5 and 6 to combine events, Ml and MACE, and
Stroke and MACE, respectively.

In class 0, the model identified DaysSinceSurgery, Age and Body Mass Index variables as the
most important, showing that lower values in the DaysSinceSurgery and Age variables increase
the probability of no adverse event occurring, while in the Body Mass Index variable, higher
values increase the model's prediction. For class 2, Random Forest presented Height as the
most important variable, being followed by Age and DaysSinceSurgery. In this class Age
showed a opposite behavior compared to class 0, in the sense that higher values increase the
risk of the event occurring. Class 3 returns the three same variables as class 0 as being the
most important, however all of them presented a different behavior when compared to this
last class. From the results, higher values of DaysSinceSurgery and Age increase the probability
of the event occur, while higher Body Mass Index values make it less likely. In class 5, the
model spotted Chronic Kidney Disease as the second variable with bigger impact, in addition
to DaysSinceSurgery in first place and Body Mass Index in third place. The model showed that
patients with Chronic Kidney Disease have a higher probability of developing MACE. Lastly,
class 6 is the only one in which the two most important features were not yet identified in first
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places in the other classes, which were PreOp RDW CV and IND, followed by DaysSinceSurgery.
For this class, the PreOp RDW CV variable proves to be the most important feature, where
higher values increase the likelihood of patients developing the combined adverse event,
Stroke and MACE.

Overall, the results showed that the number of days passed since surgery, patient age and
body mass index play a central role in predicting adverse events, although their impact varies
depending on the class analyzed. Additionally, the presence of chronic kidney disease, the
values of RDW CV and the occurrence of IND proved to be particularly relevant for specific
classes, emphasizing the need for a personalized approach in risk assessment. Figures 4.1
present the feature importance plots obtain with Random Forest model.
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Figure 4.1 — Feature Importance with Random Forest in each class for Model 1



4.2 MODEL 2

4.2.1 Pre-Hyperparameter Tunning Results

With the default hyperparameters, XGBoost, Random Forest, and Logistic Regression achieved
the best results in Model 2, all reaching 62.5% accuracy and being selected for further
hyperparameter optimization.

XGBoost demonstrated the highest overall performance in terms of ROC AUC, reaching 0.65,
suggesting a slightly stronger ability to distinguish between classes compared to the other
models. It accurately classified most instances of class 0, but struggled with minority classes,
particularly class 2, 5, and 6, which were almost entirely misclassified. Random Forest also
achieved 62.5% accuracy, with a ROC AUC of 0.62, showing similar performance trends. It
correctly classified most instances of class 0, had some success with class 3, but performed
poorly for classes 2, 5, and 6, failing to classify them effectively. Logistic Regression, despite
having the same accuracy (62.5%), achieved the highest ROC AUC at 0.72, indicating a better
ability to distinguish between classes overall. It perfectly classified class 0, but struggled
heavily with classes 2, 3, and 5, leading to lower recall and precision for these categories.

4.2.2 Post-Hyperparameter Tunning Results

After performing hyperparameter tuning by testing multiple parameter combinations, the
models demonstrated low variance compared to the results obtained before, with XGBoost
and Random Forest maintaining the same performance as before and Logistic Regression
slightly decreasing the performance. Table 4.3 presents the optimized hyperparameters and
their respective values that yielded the best results for each model.
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Table 4.3 — Hyperparameters optimized and respectively value in Model 2

Algorithm Hyperparameters Values
C 10
solver Ibfgs
penalty 12
max_iter 100
multi_class auto
Logistic fit_intercept False
Regression intercept_scaling 1
class_weight None
I1_ratio None
tol 0.001
verbose 0
warm_start False
n_estimators 160
max_depht 88
min_samples_split 9
min_samples_leaf 4
Random Forest max_features 0.6482933281662953
class_weight None
criterion Entropy
max_leaf_nodes 50
verbose 6
objective multi:softprob
num_class 5
booster gbtree
alpha 0
lambda 0
max_depht 5
XGBoost
learning_rate 0.1
n_estimators 100
subsample 0.6
colsample_bytree 0.9
min_child_weight 3
grow_policy deptwise

48



XGBoost and Random Forest maintained an accuracy of 62.50% but showed a slight increase
in the ROC AUC Score, reaching 0.64. In both models, class 0 remained the most accurately
classified, while classes 5 and 6 achieved a reasonable level of identification. However, the
predictive ability for classes 2 and 6 remained weak, indicating challenges in distinguishing
these groups. For XGBoost, the adjustments included setting the max_depth to 5, a learning
rate of 0.1, using the 'gbtree' booster, and optimizing the regularization parameters. These
configurations contributed to improved model stability and slight enhancements in
generalization. Meanwhile, the Random Forest model benefited from tuning the number of
estimators to 160, setting a maximum depth of 88, and optimizing the selection of features
considered at each split, being possible to achieve a better ROC AUC. Regarding Logistic
Regression, accuracy slightly decreased to 62% and ROC AUC to 0.59. The model still struggles
with classifying classes 3 and 6, especially.

Overall, hyperparameter tuning yielded mixed results across models. While Logistic
Regression saw a decrease in the overall performance, Random Forest demonstrated
enhanced model discrimination, while XGBoost maintained stable performance, reinforcing
its robustness. The most persistent challenge across all models remains the correct
classification of minority classes, particularly class 5. The detailed performance of each model
for each class is summarized in Table 4.

Table 4.4 — Results after hyperparameters optimization in Model 2

. Evaluation Metric
Algorithm  Class

Precision Recall F1-Score Support Accuracy ROCAUC

0 0.66 0.88 0.75 24
2 0.50 0.25 0.33
Logistic
. 3 0.40 0.29 0.33 7 62% 0.59
Regression
5 0.00 0.00 0.00
6 1.00 0.50 0.67
0 0.66 0.88 0.75 24
2 0.50 0.25 0.33
Random
3 0.40 0.29 0.33 7 62.5% 0.64
Forest
5 0.00 0.00 0.00 3
6 1.00 0.50 0.67
0 0.67 0.92 0.77 24
2 0.00 0.00 0.00 4
XGBoost 3 0.60 0.43 0.50 7 62.5% 0.64
5 0.00 0.00 0.00 3
6 0.00 0.00 0.00 2

49



4.2.3 Feature Importance Evaluation

To evaluate feature importance, both XGBoost and Random Forest were selected, since they
were the ones performing better.

In Class 0, XGBoost identified Age, DaysSinceSurgery and PostOp Monocytes as the most
important variables, while Random Forest had identified PostOp Monocytes in first place
followed by PostOp RDW SD and PostOp RDW CV. To XGBoost, which the most important
variable is Age, younger patients tend to increase the probability of no event occurring, while
to Random Forest, which the most important variable is PostOp Monocytes, bigger values
showed having more impact on the probability of no event occur. For class 2, the two models
continued to show different results, with XGBoost identifying DaysSinceSurgery as the most
important variable, and Random forest identifying 30D PostOp Stroke. In class 3,
DaysSinceSurgery and Age are the key preditors to XGBoost, in which the Shap values of these
features behave in the opposite way when compared with Class 0. To Random Forest, similar
in class 2, the two most important features are 30D PostOp Stroke and DaysSinceSurgery. Class
5, in XGBoost is primarily driven DaysSinceSurgery followed by Age, as in the last class, while
in Random Forest, PostOp RDW SD and DaysSinceSurgery are the principal predictors. In both
models, DaysSinceSurgery behave the same way, with biggest values showing more impact on
the event occurrence. Finally, class 6, is the only one where both models agree in the most
important variable, PostOp RDW CV, showing, also, the same behavior in both — bigger values
showed more impact in predicting this combine event.

In conclusion, while both XGBoost and Random Forest were the best-performing models, their
feature importance rankings varied across classes. XGBoost consistently highlighted
DaysSinceSurgery and Age as key predictors, whereas Random Forest placed more emphasis
on hematological variables like PostOp Monocytes and PostOp RDW SD. Despite these
differences, DaysSinceSurgery emerged as a crucial predictor in multiple classes, showing a
consistent impact on event occurrence in both models.

50



Class 0

Age
DaysSinceSurgery
PosOp Monocytes
PostOp Heart Rate
30D PostOp Stroke

PostOp RDW SD
Restenose 70%

PostOp RDW CV

15 -10 -05 00 05 10
SHAP value (impact on model output)

Class 3
DaysSinceSurgery . h-"ﬂ.»-“L”“g- ® wee oo
Age ® Bluhe 4P s 48
PostOp RDW SD M | 4o
PosOp Monocytes * | ek
30D PostOp Stroke — ;.
PostOp Heart Rate
PostOp RDW CV - i
Restenose 70% !
-1.0 -0.5 0.0 05 10 15

SHAP value (impact on model output)

Class 6

PostOp RDW CV

High

High

Feature value

Feature value

Class 2

DaysSinceSurgery
30D PostOp Stroke
Age

PosOp Monocytes
PostOp RDW SD
PostOp Heart Rate
Restenose 70%

PostOp RDW CV

Class 5

DaysSinceSurgery
Age

PosOp Monocytes
PostOp RDW SD
PostOp Heart Rate
Restenose 70%
30D PostOp Stroke

PostOp RDW CV

DaysSinceSurgery ~ veetismee « +deranihpund. - -

PosOp Monocytes

Age

30D PostOp Stroke
PostOp Heart Rate
PostOp RDW SD

Restenose 70%

¢

4

.w.-*a

" et

(o T Ty T

-05

0.0 05 10

SHAP value (impact on model output)

-0.75 -0.50 -0.25 0.60 0.25 050 0.75 100
SHAP value (impact on model output)

High

-0.75 -0.50 -0.25 0.60 025 050 0.75 100
SHAP value (impact on model output)

Feature value

Figure 4.2 — Feature Importance with XGBoost in each class for Model 2

High

Feature value

High

Feature value

51



Class 0

PosOp Monocytes . l |
PostOp RDW SD . [ 0
PostOp RDW CV B |
Restenose 70% | .

30D PostOp Stroke . l
PostOp Heart Rate . l '

DaysSinceSurgery ol

Age ?
Low

SHAP value (impact on model output)

Class 3

30D PostOp Stroke  # |
DaysSinceSurgery Dime fopmmeettm
PostOp RDW SD . | )
PosOp Monocytes I | .
PostOp RDW CV B |
PostOp Heart Rate . | ]

Restenose 70% ' .

Age *

10 -05 00 05
SHAP value (impact on model output)

Class 6

PostOp RDW CV
PostOp RDW SD
30D PostOp Stroke
PosOp Monocytes
PostOp Heart Rate
DaysSinceSurgery
Age

Restenose 70%

High

Feature value

High

o
=2
©
>
g
3
2
o
]
u

Low

Class 2

30D PostOp Stroke
DaysSinceSurgery
PostOp Heart Rate
PostOp RDW CV
Restenose 70%
PosOp Monocytes
PostOp RDW SD
Age

Class5

PostOp RDW SD
DaysSinceSurgery
Restenose 70%
PostOp RDW CV
30D PostOp Stroke
PostOp Heart Rate
PosOp Monocytes
Age

~05
SHAP value (impact on model output)

Figure 4.3 — Feature Importance with Random Forest in each class for Model 2

0.0

0.5 1.0 15

SHAP value (impact on model output)

-0.5

0.0

0.5

10

High

Feature value

Low

High

Feature value

SHAP value (impact on model output)

High

Low

Feature value

-0.5

0.0

0.5

Low

52



5. CONCLUSIONS AND FUTURE WORKS

The occurrence of adverse events following CEA remains a significant clinical challenge,
highlighting the need for robust predictive models that can identify key risk factors. This study
aimed to determine the pre- and post-surgical factors that influence the occurrence of adverse
events, specifically MACE, MI, and Stroke, in patients undergoing CEA under loco-regional
anesthesia. To achieve this, two distinct predictive models were developed: one considering
only pre-surgery factors and the other focusing exclusively on post-surgery factors.

The results demonstrated that XGBoost and Random Forest were the most effective models,
consistently achieving the highest accuracy and ROC AUC scores. Notably, both models
identified DaysSinceSurgery as the most influential variable, reinforcing its importance in post-
surgical risk assessment. In general, higher DaysSinceSurgery values were associated with an
increased risk of adverse events, underlining the time-sensitive nature of post-operative
monitoring. In addition to DaysSinceSurgery, the models highlighted the importance of patient
age. However, the effect of age varied depending on the event: age was protective in the
absence of events (Class 0), meaning younger patients were more likely to remain event-free,
while it was a risk factor for Stroke (Class 2) and MACE (Class 3), where older patients had a
higher likelihood of developing these complications. Beyond these temporal and demographic
factors, pre-operative predictors such as BMI and Chronic Kidney Disease (CKD) were found
to be highly relevant, particularly in the context of combined cardiovascular events. On the
post-operative side, 30D PostOp Stroke emerged as a crucial factor, suggesting that the
occurrence of a stroke within 30 days after surgery significantly increases the risk of
subsequent adverse outcomes.

This study contributes to the growing body of literature on risk stratification following CEA by
leveraging ML models to identify key prognostic factors based on both pre- and post-surgical
characteristics. The developed models dynamically integrate temporal and physiological
variables, enhancing predictive accuracy and supporting a more data-driven approach to
patient management. By recognizing the influence of the days since surgery and the
occurrence of a Stroke 30 days after surgery, this study reinforces the importance of ongoing
post-operative surveillance, as these factors can provide early warning signs for complications.
Additionally, the identification of chronic kidney disease as a critical risk factor suggests the
need for specialized management protocols for patients with renal comorbidities. By analyzing
separate pre- and post-operative predictors, this study helps bridge the gap between pre-
surgical risk assessment and post-operative monitoring, promoting a more comprehensive
and holistic approach to patient care.

The study had several limitations that must be acknowledged and besides that the results
obtained have potential for improvement. Firstly, the dataset used was relatively small, which
may limit the generalizability of the findings. A larger and more diverse patient cohort is
necessary to enhance the reliability of the results and ensure broader applicability in clinical
practice. Another limitation was the high-class imbalance in the target variables, which
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affected the models’ ability to correctly classify the minority classes. Future research should
explore other advanced resampling techniques or cost-sensitive learning to improve model
performance in predicting less frequent but clinically significant outcomes. Additionally, the
integration of longitudinal patient data across multiple healthcare institutions could provide
a richer dataset, allowing for a more refined analysis of risk factors over time.
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