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ABSTRACT 

OBJECTIVES 

Positive neurologic awake testing during the carotid cross-clamping may be present in around 

8% of patients undergoing carotid endarterectomy (CEA). The present work aimed to assess 

the accuracy of an artificial intelligence (AI)-powered risk calculator in predicting 

intraoperative neurologic deficits (IND). 

METHODS 

Data was collected from carotid interventions performed between January 2012 and January 

2023 under regional anesthesia. Patients with IND were selected along with consecutive 

controls without IND in a case-control study design. A predictive model for IND was developed 

using machine learning (ML), specifically Extreme Gradient Boosting (XGBoost) model, and 

its performance was assessed and compared to an existing predictive model. Shapley Additive 

exPlanations (SHAP) analysis was employed for the model interpretation. 

RESULTS 

Among 216 patients, 108 experienced IND during CEA. The AI-based predictive model 

achieved a robust area under the curve (AUC) of 0.82, with an accuracy of 0.75, precision of 

0.88, sensitivity of 0.59, and F1Score of 0.71. High body mass index (BMI) increased 

contralateral carotid stenosis, and a history of limb paresis or plegia were significant IND risk 

factors. Elevated preoperative platelet and haemoglobin levels were associated with reduced 

IND risk. 

CONCLUSIONS 

This AI model provides precise IND prediction in CEA, enabling tailored interventions for 

high-risk patients and ultimately improving surgical outcomes. BMI, contralateral stenosis, and 

selected blood parameters emerged as pivotal predictors, bringing significant advancements to 
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decision-making in CEA procedures. Further validation in larger cohorts is essential for broader 

clinical implementation. 

 

Keywords: [Carotid stenosis; intraoperative neurologic deficits; perioperative stroke; regional 

anesthesia]. 
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ABREVIATION LIST 

AI  Artificial intelligence 

AUC              Area Under the curve 

BMI  Body mass index 

CACC  Carotid cross-clamping 

CCA  Common carotid artery 

CEA  Carotid endarterectomy 

CKD  Chronic kidney disease 

GA  General anesthesia 

IND  Intraoperative Neurologic deficits 

IQR  Interquartile range 

MI  Myocardial infarction 

ML  Machine Learning 

RA  Regional anesthesia 

SD  Standard deviation 

SHAP  Shapley Additive exPlanations 

XGBoost Extreme Gradient Boosting (algorithm)  
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1. INTRODUCTION 

Carotid endarterectomy (CEA) is a well-established and cost-effective treatment for 

asymptomatic or symptomatic carotid artery stenosis. Despite advancements in endovascular 

technique, it remains the preferred treatment option [1]. This technique is primarily done for 

the prevention of stroke in these patients and further being capable of reducing healthcare costs. 

The risk of perioperative complications, such as stroke, myocardial infarction (MI), or death, 

ranges from 2% to 6% [2].  

During CEA, carotid artery cross-clamping (CACC) might potentially cause intraoperative 

neurologic deficits (IND) [3]. For every 10 minutes of increased time during arterial clamping, 

a higher risk of 30-day cerebrovascular and mortality events has been described, irrespective 

of shunt use [4]. Most intraoperative ischemic changes can be attributed to embolization, with 

approximately 10% associated with hemodynamic factors [5, 6]. In the event of any observed 

IND, timely implementation of shunting is recommended by some authors [7]. The described 

predictive factors in literature for IND include a body max index (BMI) superior to 30 Kg/m2, 

a higher contralateral carotid stenosis degree, and a lower degree of ipsilateral stenosis [3, 8].  

There is a lack of statistically significant differences in stroke, MI, and mortality rates between 

CEA performed under general (GA) or regional anesthesia (RA) [3, 9]. However, a major 

advantage of RA is that it allows continuous neurological monitoring with the awake test, which 

is considered the gold standard for assessing neurologic function during CACC in patients 

undergoing CEA [3, 10]. Several cerebral monitoring techniques, mainly described under GA, 

are available, such as transcranial Doppler ultrasound, electroencephalogram, stump pressure, 

and somatosensorial evoked potentials [6, 11, 12]. In the last network meta-analysis including 

almost 17 studies and 21 538 patients, although the current evidence lacks high-quality data, 

none of the results have shown significant differences between all monitoring tools and the 

awake test  regarding stroke and mortality, [12]. Additionally, these methods exhibit low 
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sensitivity for detecting insufficient brain blood flow and intraoperative stroke [6, 11]. It has 

been described that the near-infrared spectroscopy test used alone compared to the awake test 

may not be sensitive or specific enough to predict postoperative strokes [5].   

A positive awake test is a classic indicator for shunt placement, which increases the risk of 

major adverse events like stroke and postoperative complications [8, 10]. Other indirectly 

studied risk factors for the shunting option include elderly patients above 75 years of age, 

symptomatic disease, and the female sex [13]. Therefore, perioperative stroke emerges as the 

most concerning complication following CEA, emphasizing the need for effective preventive 

measures during the surgery [10, 14].  

Artificial intelligence (AI) has demonstrated the potential as a valuable predictor of outcomes 

in CEA [15]. Utilizing machine learning (ML) algorithms, AI enables accurate prediction of 

ischemic events [15], identification of high-risk patients [16], and assessment of mortality risk 

[17]. These advancements in AI-based prediction models offer opportunities for improved 

clinical assessment and personalized treatment in CEA procedures. 

This study investigates the effectiveness and feasibility of AI techniques to predict positive 

awake tests in CEA to enhance surgical decision-making and patient outcomes. 
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2. METHODS 

This study was approved by the University's Institutional Review Board (248-18), which 

respects the Declaration of Helsinki, and the Ethics Committee waived informed consent. The 

cohort was registered for patient enrolment at clinicaltrials.gov (NCT04347785).  

2.1 Study Population 

Patients who underwent CEA under regional anesthesia at a tertiary referral center between 

January 2012 and January 2023, and who had a positive awake test, were consecutively 

included in the study. Patients in the control group were selected with a 1:1 ratio as the 

immediately consecutive patient submitted to CEA without the above-mentioned primary 

outcome in a case-control study design. The presence of synchronous cardiac surgery or the 

patient's a priori unwillingness to stay awake during the intervention were reasons for exclusion 

from the study (Figure 1). Patients with any contraindication for RA were also excluded (<1% 

of all patients, mostly perceived patient unwillingness). Data collection, such as demographics 

and comorbidities, were assessed through clinical registries. This study was reported according 

to the Developmental and Exploratory Clinical Investigations of DEcision support systems 

driven by Artificial Intelligence (DECIDE-AI) guideline [18].  

 

2.2 Preoperative assessment 

Two consecutive duplex ultrasound exams or a computed tomography angiogram were 

performed for carotid stenosis diagnosis. 

Patients were evaluated before surgery by a vascular surgeon and an anesthesiologist. When 

previously symptomatic, a neurology appointment was performed. Heart rate and tensional 

values were measured during patient's admission to the hospital. All the patients were under 
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statins, single antiplatelet (189 patients), or dual antiplatelet therapy (twenty-seven patients) 

before surgery. 

 

2.3 Postoperative management 

All patients were evaluated resorting to clinical examination and Doppler ultrasound at 30 to 

90 days after discharge and 12 months of follow-up.  

 

2.4 Definitions 

The awake test, conducted by the anesthesiologist every three minutes during surgery, involved 

verbal prompts for speech (e.g. name, address), requests for limb movement, and leg tactile 

stimulation to assess sensory perception. A positive "awake test" (IND) was defined as any “de 

novo” persistent symptomatic change or sign at neurologic examination (speech, motor 

function, and consciousness) during CACC, after anesthesiologic therapeutic review and 

pharmacologic hemodynamic readjustment [19]. The anesthesia and surgery team settled the 

event diagnosis jointly.  

Carotid stenosis was considered symptomatic or asymptomatic according to the clinical 

practice guidelines of the European Society of Vascular Surgery [20]. Diagnosis criteria of 

carotid stenosis was followed by resorting to duplex ultrasound, computed tomographic 

angiography and/or magnetic resonance angiography to identify and characterize the extent of 

the disease [20]. Chronic kidney disease (CKD) was defined as an established diagnosis of 

CKD or a basal creatinine ≥ 1.5mg/dl. 

 

2.5 Surgical technique and anesthesia approach 

The surgical technique consisted of CEA followed by patch angioplasty, eversion technique, or 

direct suture. The technique used depended on the choice of the operating surgeon. 
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Intraoperative neurologic monitoring consisted of consecutive brief awake neurological 

examinations and surveillance every 3 minutes during CACC. The neurological examinations 

prevailed in the definition of IND events [21].  

3. THEORY AND CALCULATION 

3.1 Statistical Analysis 

3.1.1 Bivariable analysis 

The necessary sample for an Area Under the Curve (AUC) assessment was calculated resorting 

to online Sample Size Calculators for Designing Clinical Research (https://sample-size.net/ - 

aiming for AUC >80%. A total sample of 100 patients was reached. Current recommendations 

endorse using a minimum of 100 events and 100 non-events as it allows enough power (80%) 

to detect whether the predictive accuracy is different from a pre-specified null hypothesis value 

[22].  

The bivariate analysis was performed with SPSS (IBM Corp., released 2021. IBM SPSS 

Statistics for Windows, version 28.0, Armonk, NY, USA). The distribution of continuous 

variables was assessed through skewness and kurtosis distribution tools. For a normal 

continuous variable distribution, mean ± standard deviation (SD) and median [interquartile 

range (IQR) percentile 25 - percentile 75] were assessed for description. Note that for 

asymmetric distributions, median [IQR] calculation was preferred. Categorical variables were 

displayed as n (%) in function of the dependent variable. Inferential comparisons in the 

bivariable analysis were performed using the chi-square test (or Fisher's tests, if conditions were 

violated) for both categorical variables, and Student's t test or Mann-Whitney U test, depending 

on normality when a variable is continuous. A P-value inferior to 0.05 was considered 

statistically significant.  

 

3.2 Data understanding and preparation 
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This work followed the cross-industry standard process model for data-mining [23] using 

Python and standard packages employed in Data Science like NumPy [24], Pandas [25], 

Matplotlib [26], and Seaborn [27]. Following this process model, prior to modeling, it was 

necessary to understand the predictive domain and the data fully. The exploratory data analysis 

determined that the overall quality of the data was good, with missing values in each variable 

below 1%. The only substantial issue was the existence of missing values in some variables, 

like cholesterol, high-density lipoprotein (HDL), low-density lipoprotein (LDL), or 

triglycerides. The columns with more than 5% of missing values were removed from the dataset 

to overcome this issue. Since feature selection, particularly feature engineering contributes 

positively to the accuracy of prediction models [28, 29], several analyses were made to select 

variables, including Pearson's correlation, distribution measurement, and importance analysis 

in assessing several models. These operations resulted in the creation of a new variable, named 

ratio of the neutrophiles by the lymphocytes (ratioNeu_Lym), and the removal of several 

variables.  

 

3.2.1 Modeling 

ML, enables computers to learn from data, identify complex patterns, and make predictions 

without explicit programming. The choice of ML over other modeling options is justified by 

its ability to capture complex relationships among data and maintain high predictive accuracy 

[30].  

One of the main challenges of this study was to build a ML model with a small dataset (n=216). 

To overcome this challenge, a cross-validation approach was employed. Cross-validation is a 

widely used technique for evaluating the performance of ML models, particularly when the 

available dataset is small. In cross-validation, the available data is divided into multiple subsets 

or folds. The model is then trained on all but one of these folds, and the remaining fold is used 
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as a validation set to evaluate the model's performance. This process is repeated multiple times, 

with each fold serving as the validation set once. The results from each iteration are then 

averaged to produce an overall performance estimate for the model [31].  

The applied modeling process involved the application of the Optuna package [32] and the 

Python implementation of the Extreme Gradient Boosting (XGboost) algorithm [33] in a 10-

fold cross-validation of 10,000 iterations to hyper-tune the parameters to use on the fine model. 

XGBoost is a scalable, distributed gradient-boosted decision tree ML library [33]. This model 

provides parallel tree boosting and is the leading ML library for regression, classification, and 

ranking problems [29]. The optimal hyperparameters were identified through a “random 

search” approach. The score was then calculated by obtaining the best coefficient of variation, 

i.e., by dividing the SD of the 10-folds over the respective mean. The final XGBoost model was 

trained using the entire dataset, using the best 10-fold cross-validation iteration parameters 

(Supplemental Table 1). 

To identify the drivers that allow the prediction IND, the authors employed the SHAP (Shapley 

Additive exPlanations) [34] model on top of the predictive model. SHAP is a game-theoretic 

approach to explain the output of a predictive model by measuring each feature's contribution 

to the model's predictions. The variables importance in predicting IND is shown by descending 

order, from top to bottom. A mean SHAP value representing each variable's magnitude of 

contribution to the occurrence of IND was displayed in a chart, where blue data points indicate 

that the instance has low values, while red data points indicate that the instance has high values. 

In addition, a heatmap representing a hierarchical clustering of data, where a color represents 

each patient SHAP value by feature, was also performed. The rows (patients) and columns 

(features) are rearranged to display similar values near each other according to the hierarchical 

clustering. The cluster map was created using the Seaborn package [27] and the Euclidean 

distance as the measure of distance.  
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4. RESULTS  

4.1 Demographic and clinical data 

The study population (n=216) mainly was male (73.3% vs. 19.8%), with an overall mean age 

of 70.5 ± 8.9 years. Both groups included 108 patients, and comparison between the groups are 

displayed in Table 1.  

Cardiovascular risk factors (Table 1) for both groups were comparable, except for obesity and 

triglyceride levels. Patients who experienced IND were significantly more obese than controls 

(30.3% vs. 9.3%, P=0.001) but had a lower mean triglyceride level (P=0.023). The mean 

number of antihypertensive drugs taken and patients taking beta blockers or aspirin over two 

weeks were also comparable between groups. Both groups were similar regarding the 

preoperative hematologic parameters (Table 2). 

Patients with IND presented a lower degree of ipsilateral carotid stenosis (81.9% vs. 85.5%, 

P=0.012) but an increased contralateral stenosis degree of 66.7% (vs. 59.1%, P=0.001), as 

shown in Table 1. IND patients had a higher prevalence of symptomatic disease (47.2% vs. 

43.0%), although this difference was not statistically significant (P=0.789). 

 

4.2 Predictive model 

The predictive model achieved an AUC of 0.82 (Figure 2), with the best Youden's index 

calculated at 0.5093, which was achieved at a threshold of 0.54. As presented in Supplemental 

Table 2, the number of False Positives (Type I error) was very low (n=9), expressing increased 

specificity. However, the number of False Negatives (Type II error) was relatively high (n=44). 

Even so, the model has reached good results, attaining 0.75 in Accuracy, 0.88 in Precision, 0.59 

in Sensitivity, which resulted in an F1Score of 0.71. 

The programming code of the created model can be assessed through the link 

https://osf.io/dx9up/?view_only=11bc2e5078c048f18036a6c37566987d. 
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4.3 Model's interpretation 

Figure 3 shows the SHAP summary plot. In the figure, each data point represents an instance. 

The mean SHAP value by a variable is further detailed in Figure 4. High negative SHAP values 

(on the x-axis) indicate a contribution to a lower presence of IND, while high positive SHAP 

values indicate a contribution to a higher presence of IND. Having this in consideration, higher 

values are seen in obesity, contralateral carotid stenosis, and preoperative limb paresis, tending 

to carry a higher probability of resulting in IND. On the contrary, higher values of preoperative 

platelet count, haemoglobin, and ipsilateral carotid stenosis tend to have a high probability of 

not resulting in IND. In fact, only 10 of the 16 employed variables have some predictive power. 

Figure 5 presents the cluster map. Besides the obvious clusters by patients based on their 

outcome, it is possible to verify the creation of several sub-clusters.  

If IND is not present, it is possible to observe two main sub-clusters. One of those clusters 

presents just three observations with patients with non-obese patients but with high values of 

contralateral stenosis. The other sub-cluster divides again into two other sub-clusters. One of 

those is composed of obese patients. If IND is present, one sub-cluster of higher contralateral 

stenosis is identified within patients with IND, regardless of the BMI level. Additionally, 

another cluster of patients with IND is defined by obesity. 
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5. DISCUSSION 

5.1 Main findings summary and AI modeling 

Using ML, it was possible to obtain a precise IND prediction in CEA achieving an AUC of 

0.82. Concerning the XGBoost model, studies have demonstrated that it is a versatile ML 

algorithm, which excels in predicting outcomes following CEA, by simplifying complex 

clinical decisions [35]. It consistently outperforms alternatives like logistic regression, offering 

enhanced predictive accuracy with an AUC of 0.90 for 1-year stroke or death in CEA [35].  

In this study, three clinical variables were associated with higher rates of IND in patients 

submitted to CEA under RA –  obesity, higher degrees of contralateral carotid stenosis and 

prior contralateral limb paresis or plegia, being the former two of highest importance of 

contribution. On the other hand, increased levels of preoperative haemoglobin, platelets, and a 

higher degree of ipsilateral stenosis demonstrated to play a protective role. 

 

5.2 Predictive factors 

Obesity was the variable that contributed the most to the outcome and similar findings were 

previously described [3, 8, 36]. Not only is it associated with a higher prevalence of other 

comorbidities, but it also predisposes patients to surgical complications [37, 38] and might 

increase technical complexity since more adipose tissue implies more surgical manipulation 

and additional tissue dissection. In a large cohort study with >25000 patients submitted to CEA, 

metabolic syndrome was found to increase the odds of developing cardiocerebrovascular events 

[39]. Increased BMI has also been associated as an independent risk factor for higher degrees 

of tortuosity of carotid arteries, which may trigger cerebral ischemia during vascular procedures 

[40].  

Another significant result of this work was the strong contribution of the higher degrees of 

contralateral carotid stenosis for IND incidence, in concordance with previous studies of the 
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authors [3, 8, 36, 41]. The GALA trial advocates a similar trend between contralateral disease 

and cerebrovascular events, whereas perioperative stroke is extensively described in the 

literature [42].  

In a lesser extent of magnitude, the presence of preoperative limb paresis, implying previous 

cerebrovascular events, is associated with a higher risk of IND [43]. This could be explained 

by established hemodynamic impairment due to affected middle cerebral artery velocity, with 

critically hypoperfused territories and compromised collateral pathways [44, 45].  

 

5.3 Protective factors 

Conversely, patients presenting a higher degree of ipsilateral carotid stenosis seem to be related 

to a decreased risk of IND. As previously observed in other observational studies [3, 36], this 

finding could be explained by the overtime development of vascular collateral pathways. 

Nonetheless, 80% of these patients are in a chronic state of cerebral hypoperfusion, reflecting 

a more resilient state when CACC is applied, especially for degrees above 90% [46, 47].  

Higher haemoglobin and platelet levels were shown to display a protective role in the incidence 

of IND. It is known that adequate platelet level accelerates innate regenerative processes, 

contributing to neuronal protection [48, 49]. Pothof et al. [50] conducted a large observational 

study of 16068 patients submitted to CEA under GA and described a 3-fold increased risk of 

30-day mortality in symptomatic patients with preoperative anemia impairing oxygenation of 

cells occurs during CACC. A trend to higher application of shunting was verified in anemic 

patients, regardless of symptomatic status. Hence, prior optimization with iron supplements or 

erythropoietin prescription  might be beneficial [51].  

 

5.4 Treatment strategies 



      

 18 

Knowing a patient’s heightened risk could prompt more rigorous evaluation and discussion of 

alternative strategies, as the risk of stroke could reach prohibitive levels—up to 14%, 

questioning the potential benefits of CEA [8]. Some factors, such as haemoglobin, platelets and 

myocardial function, could be optimized before the intervention. A recent trial has 

demonstrated that targeted nutritional support might be beneficial in these patients to improve 

clinical and biochemical parameters to achieve better outcomes [52]. Considerations about 

other viable techniques without blood flow interruption and acceptable results, such as 

transcarotid or transfemoral revascularizations could be made [8, 53, 54]. 

 

5.5 Limitations of the study 

While the present study has offered valuable insights, it is essential to acknowledge its 

limitations. Firstly, sample size is from a single tertiary referral center, limiting the 

generalization of the findings, as patients here tend to have more complex medical histories. 

Secondly, another important potential limitation of this study is the selection of controls in 1:1 

ratio for this rare event of positive IND, which might introduce selection bias and could 

potentially overestimate the perceived risk of symptoms and skew the study outcomes. 

Additionally, differences among surgical teams such as experience and techniques were also 

not assessed. Another key limitation is the absence of external validation, which is crucial given 

the dominance of the positive class in our dataset. This limitation could impact the statistical 

robustness and external validity with a risk of overfitting the model.  
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6. CONCLUSION 

The XGBoost model achieved an AUC of 0.82, identifying key predictors of IND during CEA 

under RA, including higher BMI, contralateral carotid stenosis, limb paresis/plegia, and 

protective features, such as higher preoperative platelets and haemoglobin levels and a greater 

degree of ipsilateral carotid stenosis.  The AI tools show promise in assisting surgeons in 

tailoring the best approach by identifying at-risk patients’ profiles. However, further validation 

in larger samples is needed. 

  



      

 20 

7. REFERENCES 

[1]  Liapis CD, Bell PR, Mikhailidis D, Sivenius J, Nicolaides A, Fernandes e Fernandes J, 

et al. ESVS guidelines. Invasive treatment for carotid stenosis: indications, techniques. 

European Journal of Vascular and Endovascular Surgery. 2009;37(4 Suppl):1-19. 

[2]  Orlický M, Hrbáč T, Sameš M, Vachata P, Hejčl A, Otáhal D, et al. Anesthesia type 

determines risk of cerebral infarction after carotid endarterectomy. Journal Of Vascular 

Surgery. 2019;70(1):138-47. 

[3]  Rocha-Neves J, Pereira-Macedo J, Ferreira A, Dias-Neto M, Andrade JP, Mansilha AA. 

Impact of intraoperative neurologic deficits in carotid endarterectomy under regional 

anesthesia. Scandinavian Cardiovascular Journal. 2021;55(3):180-6. 

[4]  Knappich C, Kuehnl A, Tsantilas P, Schmid S, Breitkreuz T, Kallmayer M, et al. 

Intraoperative completion studies, local anesthesia, and antiplatelet medication are associated 

with lower risk in carotid endarterectomy. Stroke. 2017;48(4):955-62. 

[5]  Duarte-Gamas L, Pereira-Neves A, Sousa J, Sousa-Pinto B, Rocha-Neves J. The 

diagnostic accuracy of intra-operative near infrared spectroscopy in carotid artery 

endarterectomy under regional anaesthesia: systematic review and meta-analysis. European 

Journal of Vascular and Endovascular Surgery. 2021;62(4):522-31. 

[6]  Udesh R, Natarajan P, Thiagarajan K, Wechsler LR, Crammond DJ, Balzer JR, et al. 

Transcranial Doppler monitoring in carotid endarterectomy: A systematic review and meta-

analysis. Journal of Ultrasound in Medicine. 2017;36(3):621-30. 

[7]  Chongruksut W, Vaniyapong T, Rerkasem K. Routine or selective carotid artery 

shunting for carotid endarterectomy (and different methods of monitoring in selective 

shunting). The Cochrane database of systematic reviews. 2014;2014(6):Cd000190. 

[8]  Pereira-Neves A, Rocha-Neves J, Fragao-Marques M, Duarte-Gamas L, Jacome F, 

Coelho A, et al. Red blood cell distribution width is associated with hypoperfusion in carotid 

endarterectomy under regional anesthesia. Surgery. 2021;169(6):1536-43. 



      

 21 

[9]  Patelis N, Diakomi M, Maskanakis A, Maltezos K, Schizas D, Papaioannou M. General 

versus local anesthesia for carotid endarterectomy: special considerations. Saudi journal of 

anaesthesia. 2018;12(4):612-7. 

[10]  Mendonça CT, Fortunato JA, Jr., Carvalho CA, Weingartner J, Filho OR, Rezende FF, 

et al. Carotid endarterectomy in awake patients: safety, tolerability and results. Revista 

Brasileira de Cirurgia Cardiovascular. 2014;29(4):574-80. 

[11]  Lee J, Huh U, Song S, Chung SW, Sung SM, Cho HJ. Regional anesthesia with 

dexmedetomidine infusion: A feasible method for the awake test during carotid 

endarterectomy. Annals of vascular diseases. 2016;9(4):295-9. 

[12]  Jovanovic A, Jonsson M, Roy J, Eriksson J, Mutavdzic P, Trailovic R, et al. Comparison 

of Methods for Monitoring Intra-operative Cerebral Perfusion in Patients Undergoing Carotid 

Endarterectomy with Selective Shunting: A Systematic Review and Network Meta-Analysis of 

Randomised Controlled Trials and Cohort Studies. European journal of vascular and 

endovascular surgery : the official journal of the European Society for Vascular Surgery. 

2023;65(2):233-43. 

[13]  Kretz B, Abello N, Bouchot O, Kazandjian C, Beaumont M, Terriat B, et al. Risk index 

for predicting shunt in carotid endarterectomy. Annals of vascular surgery. 2014;28(5):1204-

12. 

[14]  Leopardi M, Musilli A, Piccolo E, Marrelli A, Martinazzo C, Maggipinto A, et al. 

Multimodal neurophysiological monitoring reduces shunt incidence during carotid 

endarterectomy. Annals of vascular surgery. 2019;61:178-84. 

[15]  Matsuo K, Fujita A, Hosoda K, Tanaka J, Imahori T, Ishii T, et al. Potential of machine 

learning to predict early ischemic events after carotid endarterectomy or stenting: a comparison 

with surgeon predictions. Neurosurgical review. 2022;45(1):607-16. 



      

 22 

[16]  Tan J, Wang Q, Shi W, Liang K, Yu B, Mao Q. A machine learning approach for 

predicting early phase postoperative hypertension in patients undergoing carotid 

endarterectomy. Annals of vascular surgery. 2021;71:121-31. 

[17]  Mohamed A, Shuaib A, Ahmed AZ, Saqqur M, Fatima N. Predictors of 30-day mortality 

using machine learning approach following carotid endarterectomy. Neurological sciences : 

official journal of the Italian Neurological Society and of the Italian Society of Clinical 

Neurophysiology. 2023;44(1):253-61. 

[18]  Vasey B, Nagendran M, Campbell B, Clifton DA, Collins GS, Denaxas S, et al. 

Reporting guideline for the early-stage clinical evaluation of decision support systems driven 

by artificial intelligence: DECIDE-AI. Nature Medicine. 2022;28(5):924-33. 

[19]  Stoneham MD, Thompson JP. Arterial pressure management and carotid 

endarterectomy. BJA: British Journal of Anaesthesia. 2009;102(4):442-52. 

[20]  Naylor R, Rantner B, Ancetti S, de Borst GJ, De Carlo M, Halliday A, et al. Editor's 

Choice - European Society for Vascular Surgery (ESVS) 2023 Clinical practice guidelines on 

the management of atherosclerotic carotid and vertebral artery disease. European Journal of 

Vascular and Endovascular Surgery. 2023;65(1):7–111. 

[21]  Carreira M, Duarte-Gamas L, Rocha-Neves J, Andrade JP, Fernando-Teixeira J. 

Management of the carotid artery stenosis in asymptomatic patients. Revista Portuguesa De 

Cirurgia Cardiotoracica E Vascular. 2020;27(3):159-66. 

[22]  Binuya MAE, Engelhardt EG, Schats W, Schmidt MK, Steyerberg EW. Methodological 

guidance for the evaluation and updating of clinical prediction models: a systematic review. 

BMC medical research methodology. 2022;22(1):316. 

[23]  Chapman P. CRISP-DM 1.0: Step-by-step data mining guide SPSS; 2000. 

[24]  Harris CR, Millman KJ, van der Walt SJ, Gommers R, Virtanen P, Cournapeau D, et al. 

Array programming with NumPy. Nature. 2020;585(7825):357-62. 



      

 23 

[25]  McKinney W, editor Data Structures for Statistical Computing in Python. SciPy; 2010. 

[26]  Hunter JD. Matplotlib: A 2D Graphics Environment. Computing in Science & 

Engineering. 2007;9(3):90-5. 

[27]  Wascom M, Botvinnik O, Gelbart M, Ostblom J. mwaskom/seaborn: v0.10.1. Zenodo. 

2020. 

[28]  Abbott D. Applied predictive analytics: Principles and techniques for the professional 

data analyst. Indianapolis, IN, USA: Wiley; 2014. 

[29]  Domingos P. A few useful things to know about machine learning. Communications of 

the ACM. 2012;55(10):78-87. 

[30]  Lareyre F, Chaudhuri A, Behrendt CA, Pouhin A, Teraa M, Boyle JR, et al. Artificial 

intelligence-based predictive models in vascular diseases. Seminars in Vascular Surgery. 

2023;36(3):440-7. 

[31]  Hastie T, Tibshirani R, Friedman J. The elements of statistical learning, Second Edition. 

Springer series in statistics. Springer, editor. Berlin: Springer; 2017. 

[32]  Koyama TASSTYTOM. Optuna: A next-generation hyperparameter optimization 

framework. 2019. 

[33]  Chen T, Guestrin, C. Xgboost: A scalable tree boosting system.  Proceedings of the 

22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining: 

ACM; 2016. p. 785–94. 

[34]  Lundberg SM, Lee S-I. A unified approach to interpreting model predictions.  

Proceedings of the 31st International Conference on Neural Information Processing Systems; 

Long Beach, California, USA: Curran Associates Inc.; 2017. p. 4768–77. 

[35]  Li B, Beaton D, Eisenberg N, Lee DS, Wijeysundera DN, Lindsay TF, et al. Using 

machine learning to predict outcomes following carotid endarterectomy. Journal of Vascular 

Surgery. 2023;78(4):973-87.e6. 



      

 24 

[36]  Pereira-Macedo J, Lopes-Fernandes B, Duarte-Gamas L, Pereira-Neves A, Mourão J, 

Khairy A, et al. The gupta perioperative risk for myocardial infarct or cardiac arrest (MICA) 

calculator as an intraoperative neurologic deficit predictor in carotid endarterectomy. Journal 

of Clinical Medicine. 2022;11(21). 

[37]  Madsen HJ, Gillette RA, Colborn KL, Henderson WG, Dyas AR, Bronsert MR, et al. 

The association between obesity and postoperative outcomes in a broad surgical population: A 

7-year American College of Surgeons National Surgical Quality Improvement analysis. 

Surgery. 2023;173(5):1213-9. 

[38]  Waqar U, Hussain MH, Ahmed W, Chaudhry AA, Ali Gardezi SM, Zafar H, et al. 

Association of metabolic syndrome with stroke, myocardial infarction, and other postoperative 

complications following carotid endarterectomy: A multicenter, retrospective cohort study. 

Annals of vascular surgery. 2023;97:329-39. 

[39]  Evaluation EPoD, Adults ToHBCi. Executive summary of the third report of the 

national cholesterol education program (NCEP) expert panel on detection, evaluation, and 

treatment of high blood cholesterol in adults (adult treatment panel III). JAMA. 

2001;285(19):2486-97. 

[40]  Wang HF, Wang DM, Wang JJ, Wang LJ, Lu J, Qi P, et al. Extracranial internal carotid 

artery tortuosity and body mass index. Frontiers in Neurology. 2017;8:508. 

[41]  Marrocco-Trischitta MM, Melissano G, Kahlberg A, Setacci F, Abeni D, Chiesa R. 

Increased incidence of cerebral clamping ischemia during early contralateral carotid 

endarterectomy. Journal of Vascular Surgery. 2006;43(6):1155-61. 

[42]  Group GTC. General anaesthesia versus local anaesthesia for carotid surgery (GALA): 

a multicentre, randomised controlled trial. The Lancet. 2008;372(9656):2132-42. 



      

 25 

[43]  Akpinar MB, Sahin V, Sahin N, Abacilar AF, Kiris İ, Uyar IS, et al. Previous chronic 

cerebral infarction is predictive for new cerebral ischemia after carotid endarterectomy. Journal 

of Cardiothoracic Surgery. 2015;10(1):141. 

[44]  Tian G, Ji Z, Lin Z, Pan S, Yin J. Cerebral autoregulation is heterogeneous in different 

stroke mechanism of ischemic stroke caused by intracranial atherosclerotic stenosis. Brain and 

Behavior. 2021;11(1):e01907. 

[45]  Fernandez LB, Pinilla MS, Garcia AG, Gutierrez JM, Lahoz CH, Puerta SC. Parameters 

of hemodynamic instability measured by transcranial doppler in patients undergoing carotid 

endarterectomy and carotid angioplasty-stent: Comparison between groups. Journal of 

Neurology Research. 2015;5(4-5):233-45. 

[46]  Henderson RD, M E, Fox AJ, Rothwell PM, Barnett HJ. Angiographically defined 

collateral circulation and risk of stroke in patients with severe carotid artery stenosis. North 

american symptomatic carotid endarterectomy trial (NASCET) Group. Stroke. 2000;31(1):128-

32. 

[47]  Khan AA, Patel J, Desikan S, Chrencik M, Martinez-Delcid J, Caraballo B, et al. 

Asymptomatic carotid artery stenosis is associated with cerebral hypoperfusion. Journal of 

Vascular Surgery. 2021;73(5):1611-21.e2. 

[48]  Burnouf T, Walker TL. The multifaceted role of platelets in mediating brain function. 

Blood. 2022;140(8):815-27. 

[49]  Hayon Y, Shai E, Varon D, Leker RR. The role of platelets and their microparticles in 

rehabilitation of ischemic brain tissue. CNS & Neurological Disorders - Drug Targets. 

2012;11(7):921-5. 

[50]  Pothof AB, Bodewes TCF, O'Donnell TFX, Deery SE, Shean K, Soden PA, et al. 

Preoperative anemia is associated with mortality after carotid endarterectomy in symptomatic 

patients. Journal of Vascular Surgery. 2018;67(1):183-90. 



      

 26 

[51]  Dakour-Aridi H, Ou MT, Locham S, Mathlouthi A, Farber A, Malas MB. Anemia as an 

independent predictor of adverse outcomes after carotid revascularization. Journal of Vascular 

Surgery. 2020;72(5):1711-9. 

[52]  Li YQ, Qu XP, Peng LW, An JY, Liu XW, Zhang Y, et al. Targeted nutritional 

intervention with enhanced recovery after surgery for carotid endarterectomy: A prospective 

clinical trial. Frontiers in Nutrition. 2023;10:951174. 

[53]  Mayer RC, Bingley J, Westcott MJ, Deshpande A, Davies MJ, Lovelock ME, et al. 

Intraoperative neurological changes in 1665 regional anaesthetic carotid endarterectomies 

predicts postoperative stroke. ANZ Journal of Surgery. 2007;77(1-2):49-53. 

[54]  Naazie IN, Cui CL, Osaghae I, Murad MH, Schermerhorn M, Malas MB. A Systematic 

review and meta-analysis of transcarotid artery revascularization with dynamic flow reversal 

versus transfemoral carotid artery stenting and carotid endarterectomy. Annals of vascular 

surgery. 2020;69:426-36. 

  



      

 27 

8. FIGURE LEGENDS 

Figure 1. Flow-diagram of the study design. 

 CEA – Carotid Endarterectomy; CS – Carotid Stenosis; IND – Intraoperative neurologic 

deficits; RA – Regional Anesthesia;  

Figure 2. ROC of Xgboost for intraoperative neurologic deficits during carotid endarterectomy. 

Figure 3. SHAP summary plot. 

PreOp erythrocytes - preoperative erythrocytes; PreOp heart rate – preoperative heart 

rate; PreOp paresis – preoperative paresis; PreOp platelet count – preoperative platelet count; 

ratioNeu_Lym - neutrophil/lymphocyte ratio; RDW-CV – red blood cell distribution width-

coefficient of variation. 

Figure 4. Mean SHAP value. 

PreOp erythrocytes - preoperative erythrocytes; PreOp heart rate – preoperative heart 

rate; PreOp paresis – preoperative paresis; PreOp platelet count – preoperative platelet count; 

ratioNeu_Lym - neutrophil/lymphocyte ratio; RDW-CV - red blood cell distribution width-

coefficient of variation. 

Figure 5. Cluster map of all observations by feature's SHAP importance. 

IND – intraoperative neurologic deficits; PreOp erythrocytes - preoperative erythrocytes; 

PreOp heart rate – preoperative heart rate; PreOp paresis – preoperative paresis; PreOp platelet 

count – preoperative platelet count; ratioNeu_Lym - neutrophil/lymphocyte ratio; RDW-CV - 

red blood cell distribution width-coefficient of variation. 
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Figure 1 – Flow diagram of the designed study. 

CEA eligibility database 
January 2012 – January 2023 

Excluded  
¨   Synchronous cardiac surgery 
¨   Contraindication to RA 

Analysed (n= 108  ) 
¨ Excluded from analysis (n=  0) 

All patients were evaluated resorting to clinical 
examination and Doppler ultrasound at 30 to 90 
days after discharge and 12 months of follow-
up 

Allocated to cases group (n= 108) 
¨ Patients experiencing IND  
 

All patients were evaluated resorting to clinical 
examination and Doppler ultrasound at 30 to 90 
days after discharge and 12 months of follow-
up 

 

Allocated to controls (n= 108) 
¨ The immediate consecutive patient 

undergoing CEA without IND 

Analysed (n= 108 ) 
¨ Excluded from analysis (n=  0) 

 

Allocation 
1:1 ratio 

Analysis 

Follow-Up 

Case-Control Design (n= 216) 

Identification 
CS diagnosis 

Preoperative diagnosis assessment 
¨   Duplex ultrasound 
¨   Computed tomography angiogram 
Preoperative evaluation assessment 
¨   Vascular Surgeon 
¨   Anesthesiologist 
¨   Neurologist (if symptomatic) 
 
 

Cases Controls 
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Table 1. Demographics, comorbidities and binary analysis 
 

Total 
(n=216) 

Control 
(n=108) 

IND 
(n=108) 

p-
value 

Gender, n (%)     
Male 170 (73.3) 90 (84.1) 80 (73.4) 0.054* 
Female 46 (19.8) 17 (15.9) 29 (26.6)  
Age (years)     
Mean (±SD)* 70.5 (±8.9) 69.3 (±8.60) 71.6 (±9.14) 0.054 
Median (IQR)? 72.0 (14.0) 71.0 (14.0) 72.0 (13.0)  
HR, Mean (±SD)* 67.0 (±14.1) 65.6 (±11.9) 68.4 (±15.8) 0.150 
Side     
Right, n (%) 104 (48.1) 58 (54.2) 46 (42.2) 0.078* 

Left, n (%) 112 (51.9) 49 (45.8) 63 (57.8)  
CV risk-factors     
Hypertension, n (%) 191 (88.4) 94 (87.9) 97 (89.0) 0.793* 
Diabetes, n (%) 90 (41.7) 42 (39.3) 48(44.0) 0.476* 
Smoking history, n (%) 112 (51.9) 61 (57.0) 51 (46.8) 0.133* 
Dyslipidemia, n (%) 188 (87.0) 92 (86.0) 96 (88.1) 0.647* 
Cholesterol, Mean (±SD) 181.3 (±48.6) 182.2 (±49.4) 180.5 (±48.1) 0.706 
HDL, Mean (±SD) 43.6 (±13.5) 44.4 (±14.1) 42.9 (±12.8) 0.522 

LDL, Mean (±SD) 115.2 (±79.2) 119.3 (±104.1) 111.0 (±39.2) 0.254 

Triglycerides, Mean (±SD) 142.7 (±66.2) 143.8 (±75.0) 141.7 (±56.2) 0.023 
Obesity, n (%) 43 (19.9) 10 (9.3) 33 (30.3) 0.001* 
CKD, n (%) 26 (12.0) 13 (12.1) 13 (11.9) 0.960* 
Creatinine,  Mean (±SD)  0.99 (±0.58) 1.01 (±0.72) 0.967 (±0.40) 0.583 
PAD, n (%) 54 (25.0) 29 (27.1) 25 (22.9) 0.479* 
CAD, n (%) 76 (32.1) 37 (34.6) 39 (35.8) 0.853* 
COPD, n (%) 30 (13.9) 18 (16.8) 12 (11.0) 1.394* 
EF <40, n (%) 27 (12.5) 12 (11.2) 15 (13.8) 0.572* 
AF, n (%) 15 (7.0) 7 (6.5) 8 (7.4) 0.803* 

ASA, n (%)     
II 35 (17.5) 19 (19.0) 16 (16.0) 0.742* 
III 153 (76.5) 76 (76.0) 77 (77.0)  

IV 12 (6.0) 5 (5.0) 7 (7.0)  
Functional status, n (%)     

Dependent 6 (2.8) 2 (1.9) 4 (3.7) 0.238* 
Partially dependent 25 (11.6) 9 (8.4) 16 (14.7)  
Independent 185 (85.6) 96 (89.7) 89 (41.7)  
Asymptomatic, n (%) 118 (54.9) 61 (57.0) 57 (52.8)  
Symptomatic, n (%)     
TIA 24 (11.2) 12 (11.2) 12 (11.1) 0.789* 
Stroke 73 (34.0) 34 (31.8) 39 (36.1)  
Preoperative limb  
 Plegia 
 Paresis 

 
55 (25.5) 
7 (3.2) 

 
20 (18.7) 
1 (0.9) 

 
35 (32.7) 
6 (5.6) 

 
0.06* 

Stenosis degree 83.7±10.3 85.5±9.6 81.9±10.7  
Mean (±SD) (%)    0.012 

Contralateral stenosis 
degree 
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Mean (±SD) (%) 62.9±18.6 59.1±14.7 66.7±21.1 0.001 
Contralateral stenosis     
(>50%) 103 (50.7) 44 (43.6) 59 (57.8) 0.042* 

(>70%) 39 (19.2) 13 (12.9) 26 (25.5) 0.023* 
Anti-Hipertensive agents     
 Number, Mean (±SD) 2.02 (±1.24) 2.05(±1.2) 1.99 (1.26) 0.731 
 Beta Blocker,  n (%) 62 (31.3) 36 (36.7) 26 (26.0) 0.103* 
AAS >2 weeks,  n (%) 139 (65.3) 64 (61) 75 (69.4) 0.193 

* - Pearson's chi-squared test  
Abbreviations: AAS - Acetylsalicylic acid for more than two weeks before surgery; AF - atrial 
fibrillation; ASA - American Society of Anesthesiologists Physical Status Classification 
System; BMI - body mass index; CAD - coronary artery disease; CHF - cardiac heart failure; 
CKD - chronic kidney disease (creatinine 1.5 mg/dL); COPD - chronic obstructive pulmonary 
disease; CV - cardiovascular; EF - ejection fraction; HDL - high-density lipoprotein; HR - heart 
rate; IND - alterations on the neurologic examination during carotid clamping; IQR - 
interquartile range (25–75%); LDL - low-density lipoprotein; obesity - body mass index > 30 
kg/m2; PAD - peripheral artery disease; SD - standard deviation; TIA - transient ischemic 
attack. 
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Table 2. Preoperative hematologic parameters 
 

Total 
(n=216) 

Control 
(n=108) 

IND 
(n=108) 

p-value 

Hemoglobin (g/dL) 13.2 (±1.9) 13.2 (±2.0) 13.2 (±1.8) 0.314* 
MCHC (g/dL) 33.7 (±1.2) 33.9 (±1.1) 33.6 (±1.2) 0.504* 
RDW-CV (%) 13.57 (±1.3) 13.3 (1.2) 13.3 (1.7) 0.065* 
RDW-SD (fL) 44.3 (±4.5) 43.5 (4.9) 43.8 (4.1) 0.870* 
Lymphocyte count 2.0 (±0.7) 2.1 (±0.7) 1.9 (±0.7) 0.797* 
Lymphocyte (%) 27.7 (±8.8) 28.7 (±9.0) 26.7 (±8.5) 0.545* 
Neutrophil count 4.5 (2.1) 4.3 (1.8) 4.5 (2.2) 0.423⸋ 
Neutrophil (%) 60.6 (±9.9) 59.5 (±10.0) 61.7 (±9.8) 0.666* 
Platelet count 211.0 (83.0) 206.5 (86.0) 213.0 (82.5) 0.819⸋ 
MPV (fL) 11.0 (±0.9) 10.9 (±0.96) 11.0 (±0.91) 0.145* 
PDW (fL) 13.3 (±2.3) 12.9 (2.73) 13.0 (2.8) 0.615⸋ 
Neutrophil/lymphocyte 
ratio 

2.3 (1.6) 2.1 (1.6) 2.3 (1.5) 0.109⸋ 

Platelet/lymphocyte ratio 113.4 (69.3) 101.1 (71.9) 114.2 (65.5) 0.084⸋ 
Haemoglobin/platelet 
ratio 

0.1 (±0.0) 0.1 (±0.0) 0.1 (±0.0) 0.489 

PDW / platelet ratio (fL) 0.06 (0.0) 0.1 (0.0) 0.1 (0.0) 0.778⸋ 
RDW-CV / platelet ratio 
(%) 

13.3 (3.1) 6.3 (2.3) 6.3 (3.2) 0.769⸋ 

* – T-test; ⸋ - Mann–Whitney U test;  
IND – neurologic deficits; MCHC - mean corpuscular hemoglobin concentration; MPV - 
mean platelet volume; PDW - platelet distribution width; RDW-CV - red blood cell 
distribution width-coefficient of variation; RDW-SD - red blood cell distribution width - 
standard deviation.  
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Figure 2 
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Figure 3 
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Figure 4 
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Figure 5 

 

 


