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BACKGROUND: Carotid endarterectomy (CEA) is a major vascular operation for stroke prevention that carries significant periop-
erative risks; however, outcome prediction tools remain limited. The authors developed machine learning algorithms to predict
outcomes following CEA.

METHODS AND RESULTS: The National Surgical Quality Improvement Program targeted vascular database was used to identify
patients who underwent CEA between 2011 and 2021. Input features included 36 preoperative demographic/clinical vari-
ables. The primary outcome was 30-day major adverse cardiovascular events (composite of stroke, myocardial infarction, or
death). The data were split into training (70%) and test (30%) sets. Using 10-fold cross-validation, 6 machine learning models
were trained using preoperative features. The primary metric for evaluating model performance was area under the receiver
operating characteristic curve. Model robustness was evaluated with calibration plot and Brier score. Overall, 38 853 patients
underwent CEA during the study period. Thirty-day major adverse cardiovascular events occurred in 1683 (4.3%) patients.
The best performing prediction model was XGBoost, achieving an area under the receiver operating characteristic curve of
0.91 (95% ClI, 0.90-0.92). In comparison, logistic regression had an area under the receiver operating characteristic curve
of 0.62 (95% CI, 0.60-0.64), and existing tools in the literature demonstrate area under the receiver operating characteristic
curve values ranging from 0.58 to 0.74. The calibration plot showed good agreement between predicted and observed event
probabilities with a Brier score of 0.02. The strongest predictive feature in our algorithm was carotid symptom status.

CONCLUSIONS: The machine learning models accurately predicted 30-day outcomes following CEA using preoperative data
and performed better than existing tools. They have potential for important utility in guiding risk-mitigation strategies to im-
prove outcomes for patients being considered for CEA.
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arotid endarterectomy (CEA) is the surgical man-
agement option for carotid artery stenosis, which
is responsible for approximately one-third of isch-
emic strokes worldwide.! Given that CEA is a major
vascular operation, the procedure carries a significant
risk of complications.? Schermerhorn and colleagues

showed that 30-day major adverse cardiovascu-
lar events (MACE) occur in >7% of high-risk patients
undergoing CEA.2 To balance the benefits and risks
of this intervention, the Society for Vascular Surgery
(SVS) recommends maintaining a perioperative stroke
or death rate of <6% and <3% in symptomatic and
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CLINICAL PERSPECTIVE
What Is New?

e Using data from 38 853 patients who underwent
carotid endarterectomy in the National Surgical
Quality Improvement Program targeted vascu-
lar database, we developed robust machine
learning models that accurately predict 30-day
postoperative outcomes

e QOur machine learning models achieved an area
under the receiver operating characteristic
curve of 0.91 for predicting the primary outcome
of 30-day major adverse cardiovascular events
following carotid endarterectomy, performing
better than logistic regression (area under the
receiver operating characteristic curve, 0.62)
and existing tools (area under the receiver op-
erating characteristic curve values ranging from
0.58 to 0.74)

What Are the Clinical Implications?

e The tools developed through this study have
potential for important utility in guiding risk-
mitigation strategies to improve outcomes
for patients being considered for carotid
endarterectomy.

Nonstandard Abbreviations and Acronyms

ACS American College of Surgeons

ASA American Society of Anesthesiologists

AUROC area under the receiver operating
characteristic curve

CEA carotid endarterectomy

MACE major adverse cardiovascular event

ML machine learning

NSQIP National Surgical Quality Improvement
Program

SVs Society for Vascular Surgery

TRIPOD  Transparent Reporting of a

Multivariable Prediction Model for
Individual Prognosis or Diagnosis

XGBoost Extreme Gradient Boosting

asymptomatic patients, respectively. Therefore, accu-
rate prediction of complications following CEA is criti-
cal to inform decision-making by clinicians.

There are currently no widely used tools to predict
adverse events following CEA. A systematic review of
46 outcome prediction models for carotid revascular-
ization demonstrated significant methodological lim-
itations and inadequate performance.® Furthermore,
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traditional tools use modeling techniques that require
manual input of clinical variables, which lacks prac-
ticality in busy medical settings.® The ability for clini-
cians to predict postoperative outcomes using clinical
judgment alone is suboptimal, with a systematic review
of 27 studies demonstrating area under the receiver
operating characteristic curve (AUROC) values ranging
from 0.51 to 0.75.” As a result, there is an important
need to develop better surgical risk prediction tools for
patients undergoing CEA.

Machine learning (ML) is an emerging technology
that enables computers to learn from data and make
predictions.® ML applies advanced analytics to model
complex relationships between inputs (eg, patient
characteristics) and outputs (eg, clinical outcomes).®
This field has been driven by the explosion of electronic
data combined with increasing computational power.®
Previously, ML was applied to the American College of
Surgeons (ACS) National Surgical Quality Improvement
Program (NSQIP) database to develop algorithms that
predict perioperative complications.® Using a pooled
data set of >5.8million patients undergoing >2900
procedures, the authors achieved AUROCs of 0.85
to 0.88.° Given that this cohort represents a hetero-
geneous surgical population, better predictive perfor-
mance may be achieved by developing ML algorithms
specific to patients undergoing CEA. In this study, we
applied ML to the ACS NSQIP database to predict 30-
day MACE following CEA using preoperative variables.

METHODS

Code Availability Statement
The complete code used for model development and

evaluation in this project is publicly available on GitHub:
https:/github.com/benli12345/CEA-ML-NSQIP.

Data Availability Statement

The data used for this study come from ACS NSQIP.
Access to and use of the data require approval through
an application process available at https:/www.facs.
org/quality-programs/data-and-registries/acs-nsqip/
participant-use-data-file/.

Design

We conducted an ML-based prognostic study and re-
ported our findings based on the Transparent Reporting
of a Multivariable Prediction Model for Individual
Prognosis or Diagnosis (TRIPOD) statement.'®

Data Set

The ACS NSQIP database was created in 2004 and con-
tains demographic, clinical, and 30-day outcomes data
on surgical patients from >700 hospitals in =15 countries


https://github.com/benli12345/CEA-ML-NSQIP
https://www.facs.org/quality-programs/data-and-registries/acs-nsqip/participant-use-data-file/
https://www.facs.org/quality-programs/data-and-registries/acs-nsqip/participant-use-data-file/
https://www.facs.org/quality-programs/data-and-registries/acs-nsqip/participant-use-data-file/
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worldwide."" The information is prospectively collected
from electronic health records by certified clinical re-
viewers and regularly audited by the ACS for accuracy."
Targeted NSQIP registries for vascular operations were
developed by vascular surgeons in 2011 and contain
additional procedure-specific variables and outcomes."
This study was exempt from institutional ethics board
review and informed consent was not required as the
data came from a large, deidentified registry.

Cohort

All patients who underwent CEA from 2011 to 2021
in the ACS NSQIP targeted CEA database were in-
cluded. This information was merged with the main
ACS NSQIP database using unique case identifica-
tion numbers and verified with Current Procedural
Terminology codes 35301 (CEA) and 35390 (revision
CEA) for a complete set of generic and procedure-
specific variables and outcomes. Patients with unre-
ported presenting symptom status were excluded.

Features

We identified 36 preoperative variables that were used
as input features for the ML models. Demographic
variables included age, sex, body mass index, race,
and ethnicity. Comorbidities included hypertension,
diabetes, smoking status, congestive heart failure,
chronic obstructive pulmonary disease, end-stage
renal disease requiring dialysis, functional status, and
physiologic high-risk factor. Medications included an-
tiplatelets, statins, and -blockers. Preoperative labo-
ratory investigations included serum sodium, serum
urea nitrogen, serum creatinine, albumin, white blood
cell count, hematocrit, platelet count, international nor-
malized unit, and partial thromboplastin time. Anatomic
characteristics included ipsilateral/contralateral carotid
stenosis percentage and anatomic high-risk factor.
Other preprocedural characteristics recorded were
symptom status (asymptomatic or symptomatic [history
of stroke, transient ischemic attack, or amaurosis fugax
prior to CEA]), urgency of surgery (elective, urgent, or
emergent), transfer from another hospital, revision CEA,
American Society of Anesthesiologists (ASA) class, and
surgical specialty of the primary surgeon. A complete
list of features and definitions can be found in Table S1.

Outcomes

The primary outcome was 30-day MACE, defined as
a composite of stroke, myocardial infarction (Ml), or
death. Stroke was defined as motor, sensory, or cog-
nitive dysfunction that persists for >24hours in the
setting of a suspected stroke in the ipsilateral or con-
tralateral cerebral hemisphere. Ml was defined as ECG
changes indicative of acute Ml (ST elevation >1 mm in
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>2 contiguous leads, new left bundle branch block, or
new Q wave in >2 contiguous leads), new elevation in
troponin >3 times the regular upper level of the refer-
ence range in the setting of suspected myocardial is-
chemia, or physician/advanced provider diagnosis of
MI. Death was defined as all-cause mortality.

Secondary outcomes were 30-day stroke, M,
death, carotid-related morbidity, other morbidity, non-
home discharge, and unplanned readmission. Carotid-
related morbidity was defined as a composite of acute
carotid occlusion, cranial nerve injury, transient isch-
emic attack (neurologic dysfunction lasting <24 hours
without evidence of cerebral infarction), restenosis
>50%, distal embolization causing ipsilateral cerebral
infarcts, or repeat carotid revascularization. Other
morbidity was defined as a composite of surgical site
infection, wound dehiscence, pneumonia, unplanned
reintubation, pulmonary embolism, failure to wean
from ventilator (cumulative time of ventilator-assisted
respirations >48 hours), acute kidney injury (a rise in
creatinine of >2mg/dL from the preoperative value or
requirement of dialysis in a patient who did not require
dialysis preoperatively), urinary tract infection, cardiac
arrest, bleeding requiring blood transfusion within
72hours of surgery, deep vein thrombosis requiring
therapy, Clostridium difficile infection, sepsis, sep-
tic shock, or return to the operating room. Nonhome
discharge was defined as discharge to rehabilitation,
skilled care, or other facility.

Model Development

We trained 6 ML models to predict 30-day primary and
secondary outcomes following CEA: Extreme Gradient
Boosting (XGBoost), Naive Bayes classifier, random
forest, single-layer perceptron artificial neural network,
radial basis function support vector machine, and logis-
tic regression. These were chosen because they dem-
onstrate the best performance for predicting surgical
outcomes.'? We used logistic regression as the baseline
comparator to assess the relative performance of our
models because it is the most common modeling tech-
nique used in traditional risk prediction tools.'

We split our data randomly into training (70%) and
test (30%) sets. Unique patient identification numbers
were used to ensure that the training and testing pop-
ulations were separated to avoid information leakage.
We performed 10-fold cross-validation and grid search
on the training set to find optimal model hyperparam-
eters. Initial data analysis demonstrated that the pri-
mary outcome was uncommon, occurring in 1683 of
388583 (4.3%) of patients. To improve class balance,
random oversampling examples was applied to train-
ing data. Random oversampling examples is a com-
monly used method to support predictive modeling
of rare events that applies smoothed bootstrapping
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to draw new samples from the feature space neigh-
borhood around the minority class.'* The models were
then evaluated on test set data and ranked based on
the primary discriminatory metric of AUROC. Our best
performing model was XGBoost, which had the follow-
ing optimized hyperparameter weights for our data set:
number of rounds=150, maximum tree depth=3, learn-
ing rate=0.3, gamma=0, column sample by tree=0.6,
minimum child weight=1, and subsample=1. The pro-
cess for selecting these hyperparameters through grid
search and cross-validation is detailed in Table S2.
Once we identified the best-performing ML model for
the primary outcome, we trained the same algorithm
to predict secondary outcomes. Parameter space
was optimized for XGBoost given previous literature
demonstrating the superiority of this model for predict-
ing binary outcomes using structured data.’®""

Statistical Analysis

Baseline characteristics for patients with versus with-
out 30-day MACE following CEA are summarized as
mean (SD) or number (proportion). Differences be-
tween groups were assessed using independent t
test for continuous variables or x? test for categorical
variables. Statistical significance was adjusted using
Bonferroni correction to account for multiple compari-
sons and set at a 2-tailed P<0.001.

The primary metric for assessing model perfor-
mance was AUROC (95% CI). Cls were calculated
using Delong test.'® Secondary performance metrics
were accuracy, sensitivity, specificity, positive predic-
tive value, and negative predictive value. To further
assess model performance, we plotted a calibration
curve and calculated the Brier score, a measurement
of the agreement between predicted and observed
event probabilities. In the final model, feature impor-
tance was determined by ranking the top 10 predic-
tors based on the variable importance score (gain), a
measure of the relative impact of individual covariates
in contributing to an overall prediction. Feature impor-
tance was determined for the overall cohort, symptom-
atic patients, and asymptomatic patients. To assess
model robustness across various populations, we
performed subgroup analysis based on age, sex, race,
ethnicity, symptom status, and urgency.

According to a validated sample size calculator for
clinical prediction models, to attain a minimum AUROC
of 0.7 with an outcome rate of =4% and 36 input fea-
tures, the minimum sample size required was 15702
patients with 629 events.'® Our cohort of 38853 patients
with 1683 primary events met this requirement. There
was <5% of missing data for variables of interest; there-
fore, complete-case analysis was applied whereby only
nonmissing covariates for each patient were considered.
This is a valid analytical method for data sets with a small
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percentage of missing data (<5%) and reflects predictive
modeling of real-world data, which often includes miss-
ing information.?® For ML algorithms that require an input
value for missing data (eg, neural network and logistic
regression), the mean value of the variable was used,
which has been demonstrated to have no significant
impact on model performance for small percentages of
missing data.?' All analyses were performed in R version
4.2.1%% with the following packages: caret,?® xgboost,?
ranger,?® naivebayes,?® e1071,%” nnet,?® and pROC.?°

RESULTS

Patients and Events

From an initial cohort of 39 179 patients who underwent
CEA in the NSQIP database between 2011 and 2021,
326 were excluded due to unreported symptom sta-
tus. Overall, we included 38853 patients. The primary
outcome of 30-day MACE occurred in 1683 (4.3%)
patients. The 30-day secondary outcomes occurred
in the following distribution: 876 (2.3%) patients had a
stroke, 727 (1.9%) patients had an MI, 321 (0.8%) pa-
tients died, 2160 (5.6%) patients had a carotid-related
morbidity (acute occlusion [n=184], cranial nerve injury
[N=1020], transient ischemic attack [n=308], restenosis
[N=342], distal embolization [n=88], repeat carotid re-
vascularization [n=533]), 2713 (7.0%) patients had other
morbidity (surgical site infection [n=211], wound dehis-
cence [n=21], pneumonia [n=337], unplanned reintu-
bation [n=464], pulmonary embolism [n=47], failure to
wean from ventilator [n=263], acute kidney injury [n=61],
urinary tract infection [n=300], cardiac arrest [n=135],
bleeding requiring transfusion [n=676], deep vein throm-
bosis [n=81], C difficile infection [n=28], sepsis [n=128],
septic shock [n=43], return to operating room [n=1124]),
2846 (7.3%) patients had a nonhome discharge, and
2178 (5.6%) patients had an unplanned readmission.

Preoperative Demographic and Clinical
Characteristics

Compared with patients without a primary outcome,
those who developed MACE at 30days were older,
more likely to be of Hispanic ethnicity, and had more co-
morbidities including hypertension, insulin-dependent
diabetes, congestive heart failure, chronic obstructive
pulmonary disease, end-stage renal disease requir-
ing dialysis, and at least 1 physiologic high-risk factor.
Functionally, patients who developed 30-day MACE
were more likely to be partially or totally dependent.
Although patients who developed the primary out-
come had more cardiovascular comorbidities, there
were no differences between groups in the proportion
of patients receiving antiplatelets or statins. For labo-
ratory investigations, patients with 30-day MACE had
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higher mean creatinine and blood urea nitrogen val-
ues. Anatomically, a greater proportion of patients with
30-day MACE had >50% stenosis in the contralateral
carotid artery and at least 1 anatomic high-risk factor.
Patients with 30-day MACE were more likely to present
with symptomatic carotid stenosis and require urgent/
emergent surgery (Table 1).

Model Performance

Of the 6 ML models evaluated on test set data for pre-
dicting 30-day MACE following CEA, XGBoost had the
best performance with an AUROC of 0.91 (95% ClI,
0.90-0.92) compared with random forest (0.90 [95%
Cl, 0.89-0.91]), Naive Bayes (0.84 [95% CI, 0.82-
0.85]), radial basis function support vector machine
(0.83 [95% ClI, 0.82-0.85]), artificial neural network
(0.81 [95% CI, 0.79-0.82)), and logistic regression (0.62
[95% Cl, 0.60-0.64]). The other performance metrics of
XGBoost were the following: accuracy (0.83 [95% Cl,
0.82-0.85]), sensitivity (0.81), specificity (0.86), positive
predictive value (0.87), and negative predictive value
(0.80) (Table 2). For secondary outcomes, XGBoost at-
tained AUROCSs between 0.87 and 0.95 (Table 3).

The receiver operating characteristic curve of the
XGBoost model is reported in Figure 1. The calibration
plot demonstrated good agreement between predicted
and observed event probabilities with a Brier score of
0.02 (Figure 2). The top 10 predictors of 30-day MACE
following CEA in the XGBoost model were the follow-
ing: (1) symptomatic carotid stenosis, (2) history of con-
gestive heart failure, (3) ASA class, (4) functional status,
(5) transfer from another hospital, (6) preoperative dial-
ysis, (7) physiologic high-risk factor, (8) revision CEA,
(9) anatomic high-risk factor, and (10) urgency of sur-
gery (Figure 3). On subgroup analysis based on symp-
tom status, 8 of 10 of the most important features were
the same for symptomatic and asymptomatic patients,
with the top 3 predictors being history of congestive
heart failure, preoperative dialysis, and functional sta-
tus for both groups (Figure S1).

Subgroup Analysis

The XGBoost model performance for predicting 30-
day MACE remained excellent on all subgroup analy-
ses of specific demographic and clinical populations,
with AUROCs ranging from 0.91 to 0.92 and no signifi-
cant differences between majority and minority groups
(Figures S2 through S7).

DISCUSSION

Summary of Findings

In this study, we used data from the ACS NSQIP-
targeted CEA files between 2011 and 2021 consisting
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Table 1. Preoperative Demographic and Clinical
Characteristics of Patients Undergoing CEA With and
Without MACE at 30Days

Absence of Presence of
MACE at30d | MACE at30d
(n=37170) (n=1683) P value
Demographics
Age, mean (SD), y 70.8(9.2) 71.7 (8.3 <0.001
Women 14323 (38.5) 680 (40.4) 013
BMI, mean (SD), 28.3(6.6) 27.9(7.7) 0.02
kg/m?
Race
White 31397 (84.5) 1383 (82.2) 0.052
Black or African 1802 (4.9) 93 (56.5)
American
American Indian or | 90 (0.2 6(0.4)
Alaska Native
Native Hawaiian 54 (0.1) 3(0.2
or Other Pacific
Islander
Asian 600 (1.6) 20 (1.2)
Other 22 (0.06) 2(0.9)
Unknown or not 3205 (8.6) 176 (10.5)
reported
Hispanic ethnicity 1088 (2.9) 62 (3.7) <0.001
Comorbidities
Hypertension 30815 (82.9) 1448 (86.0) <0.001
Diabetes
Non-insulin- 7212 (19.4) 323(19.2) 0.86
dependent
Insulin-dependent | 4370 (11.8) 308 (18.3) <0.001
Current smoker 9973 (26.8) 473 (28.1) 0.26
Congestive heart 600 (1.6) 88 (5.2 <0.001
failure
Chronic obstructive 3699 (10.0) 219 (13.0) <0.001
pulmonary disease
Dialysis 381 (1.0) 33(2.0) <0.001
Functional status
Independent 36177 (97.9) 1583 (94.1) <0.001
Partially 893 (2.4) 89 (6.9
dependent
Totally dependent 55 (0.1) 10(0.6)
Unknown 45 (0.1) 1(0.06)
Physiologic high-risk 1890 (56.1) 186 (11.1) <0.001
factor*
Medications
Antiplatelet 33253 (89.5) 1492 (88.7) 0.12
Statin 30753 (82.7) 1377 (81.8) 0.13
B-Blocker 19852 (53.4) 1026 (61.0) <0.001
Laboratory investigations, mean (SD)
Sodium, mmol/L 132.0 (30.0) 134.0 (25.0) 0.004
BUN, mmol/L 52.1(29.9 55.9 (31.9) <0.001
Creatinine, umol/L 93.9 (61.9) 104.0 (80.2) <0.001
Albumin, g/L 19.6 (19.9) 20.6 (19.2) 0.03
(Continued)
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Table 1. Continued Table 1. Continued
Absence of Presence of Absence of Presence of
MACEat30d |MACEat30d MACE at30d | MACEat30d
(n=37170) (n=1683) P value (n=37170) (n=1683) P value
White blood cell 73(3.2) 7729 <0.001 Thoracic surgery | 201 (0.5) 6(0.4) 0.31
3
count, cells/mm Vascular surgery | 34705(934) | 1546(91.9) | 0.02
Hematocrit, L/L (%) | 37.8(9.7) 37.3(8.7) 0.051 —
Values are reported as number (percentage) unless otherwise indicated.
Platelet count, 10%L) | 216.0 (86.4) 221.0(84.1) 0.02 ASA indicates American Society of Anesthesiologists; BMI, body mass
INR 07 (05) 0.8(0.5) <0.001 index; BUN, blood urea nitrogen; INR, international normalized ratio; MACE,
major adverse cardiovascular events; and PTT, partial thromboplastin time.
PTT, s 18.0(1.9) 21.6 (2.0) <0.001 *At least 1 of the following: (1) New York Heart Association congestive
Anatomy heart failure class IlI/IV, (2) left ventricular ejection fraction <30%, (3) unstable
- - - angina within 30days before surgery, or (4) myocardial infarction within
Ipsilateral carotid stenosis percentage 30days before surgery.
<50% 525 (1.4) 25 (1.5) 0.01 At least 1 of the following: (1) previous ipsilateral carotid endarterectomy
50%-79% 11254 (30.3) 540 (32.1) (CEA) gr stent, (2) previous rgdpal neck dissection, (3) contralateral clalrotld
occlusion, (4) prior neck radiation, (5) contralateral laryngeal nerve injury/
80%-99% 24269 (65.3) 1056 (62.7) palsy, or (6) high anatomic lesion (cervical vertebrae 2 or higher).
Occluded 391 (1.1) 31(1.8)
Imaging not 731 2.0) 31(1.8) of 38853 patients who underwent CEA to develop ML
performed models that accurately predict 30-day MACE with an
Contralateral carotid stenosis percentage AUROC of 0.91. In addition, our algorithms predicted
<50% 18969 (51.0) | 769 (45.7) <0.001 30-day stroke, MI, death, carotid-related morbidity,
50%-79% 10256 (27.6) 517 30.7) other morbidity, nonhome discharge, and unplanned
80%-99% 2479 6.7) 149 (89) readmission with AUROCs ranging from 0.87 to 0.95.
Ocoluded 1285 3.5) 7545 We showed several other key flndlhgs. First, patients
\maging not 81 (112 73003 th deyelop SO-day MAQE following CEA. represent
performed a high-risk population with several predictive fac-
Anatomic high-risk | 3749 (10.1) 236 (14.0) <0.001 tors preoperatively. Second, we trained 6 ML models
factort to predict 30-day MACE using preoperative features
Other preprocedural characteristics and showed that XGBoost achieved the best perfor-
Symptomatic carotid | 15680 (42.2) 929 (55.2) <0.001 mance. Our model was well calibrated and achieved
stenosis a Brier score of 0.02. Finally, we identified the top 10
Amaurosis fugax | 2724 (7.3) 95 (5.6) predictors of 30-day MACE in our ML models. These
Transient ischemic | 5495 (14.8) 302 (17.9) features can be used by clinicians to identify factors
attack that contribute to risk predictions, thereby guiding pa-
Stroke 7461 (20.1) 532 (31.6) tient selection and preoperative optimization. Overall,
Urgency we have developed robust ML models with excellent
Elective 30573(82.3) | 1147 (68.2) <0.001 predictive ability for perioperative outcomes following
Urgent 5508 (14.9) 422 (95.1) CEA, which may help guide clinical decision-making to
Emergent 1069 2.9) 14 6.8 improve outcomes and reduce costs from complica-
Transforred from 2181 69 203 (121) ~0.001 tions, reinterventions, and readmissions.
another hospital
Revision CEA 144 04 107) 013 Comparison to Existing Literature
ASA class A systematic review of 46 outcome prediction models
1 37(01) 0 <0.001 for carotid revascularization was published by Volkers
2 1842 (5.0) 51(3.0) et al (2018).° The authors showed that almost all exist-
3 27286 (734) | 1045 (62.1) ing studies used traditional modeling techniques such
4 7947 (21.4) 583 (34.6) as logistic regression or Cox proportional hazards
5 21(0) 2(04) analysis and their discriminative performance ranged
5 . .
Not reported 37 04) 2(04) from 0.58 to 0.74 (AUROCs)”> while we achieved
o ; ; AUROCs >0.90 using ML methods. Over half of the in-
rimary surgical specialty . . L
: cluded models did not discuss how missing data were
Cardiac surgery 386 (1.0) 28 (1.7) 0.02 5 . .
handled,®> while we used complete-case analysis due
General surgery 650 (1.8) 31(1.8) 0.78 L o .
to a small percentage of missing data (<5%). In addi-
Neurosurgery 1217339 263 0.03 tion, none of the existing models predicted readmis-
(Continued) sion.® Our comprehensive set of secondary outcomes
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Table 2. Model Performance on Test Set Data for Predicting 30-Day MACE Following Carotid Endarterectomy Using

Preoperative Features

AUROC (95% Cl) Accuracy (95% Cl) Sensitivity Specificity PPV NPV
XGBoost 0.91 (0.90-0.92) 0.83 (0.82-0.85) 0.81 0.86 0.87 0.80
Random forest 0.90 (0.89-0.91) 0.82 (0.81-0.83) 0.82 0.82 0.83 0.81
Naive Bayes 0.84 (0.82-0.85) 0.82 (0.80-0.83) 0.80 0.83 0.84 0.78
RBF SVM 0.83 (0.82-0.85) 0.75 (0.83-0.76) 0.73 0.78 0.81 0.67
ANN 0.81 (0.79-0.82) 0.79 (0.78-0.80) 0.79 0.81 0.80 0.74
Logistic regression 0.62 (0.60-0.64) 0.56 (0.55-0.58) 0.54 0.68 0.59 0.53

ANN indicates artificial neural network; AUROC, area under the receiver operating characteristic curve; MACE, major adverse cardiovascular events; NPV,
negative predictive value; PPV, positive predictive value; RBF SVM, radial basis function support vector machine; and XGBoost, Extreme Gradient Boosting.

including nonhome discharge and unplanned readmis-
sion allows our models to have potential impact on both
patient outcomes and health care costs.®® Overall, in
comparison to existing risk predictions models for CEA
outcomes, our ML algorithms are methodologically ro-
bust with better performance on a greater number of
clinically relevant outcomes.

Using the ACS NSQIP database, Bonde et al (2021)
trained ML algorithms on a cohort of over 5 million pa-
tients undergoing >2900 unique procedures to pre-
dict perioperative complications, achieving AUROCs
of 0.85 to 0.88.° Given that patients undergoing CEA
represent a unique population with a high number
of vascular comorbidities, the applicability of gen-
eral surgical risk prediction tools may be limited. For
example, when the traditional ACS NSQIP surgical
risk calculator was applied to patients with CEA, the
AUROC for predicting adverse outcomes was 0.69.%
By developing ML algorithms specific to patients with
CEA, we achieved AUROCs >0.90. Therefore, we
demonstrate the value of building procedure-specific
ML models, which can increase accuracy and clinical
applicability.

Explanation of Findings

There are several explanations for our findings. First,
patients who develop MACE following CEA represent
a high-risk group with multiple cardiovascular risk

factors.®? Aggressive management of hypertension,
dyslipidemia, and smoking cessation is a Grade 1A
recommendation by SVS guidelines.®® In particular,
the use of antiplatelet therapy is a Grade 1A recom-
mendation,3® yet patients who developed MACE in
our cohort were not more likely to be receiving anti-
platelets. Therefore, there are important opportuni-
ties to improve care for patients by understanding
their surgical risk and medically optimizing them prior
to CEA. Second, our ML models performed better
than existing tools for several reasons. Compared
with traditional logistic regression, advanced ML
techniques can better model complex, nonlinear
relationships between inputs and outputs.®* This is
especially important in health care data, where pa-
tient outcomes can be influenced by many factors.3®
Our best performing algorithm was XGBoost, which
has achieved excellent predictive performance in
other populations due to unique advantages includ-
ing the avoidance of overfitting and faster comput-
ing while maintaining precision.®® Third, our model
performance remained robust on subgroup analysis
of specific demographic/clinical populations. This is
an important finding given that algorithm bias is a
significant issue in ML studies.’” We were likely able
to avoid these biases due to the excellent capture of
sex, race, ethnicity, and relevant sociodemographic/
clinical data by ACS NSQIP."

Table 3. XGBoost Performance on Test Set Data for Predicting 30-Day Secondary Outcomes Following CEA Using

Preoperative Features

AUROC (95% CI) Accuracy (95% ClI) Sensitivity Specificity PPV NPV
Stroke 0.91 (0.90-0.92) 0.84 (0.82-0.85) 0.81 0.87 0.88 0.79
Myocardial infarction 0.87 (0.85-0.88) 0.79 (0.77-0.80) 0.78 0.80 0.81 0.76
Death 0.94 (0.93-0.95) 0.86 (0.85-0.87) 0.85 0.87 0.88 0.84
Carotid-related morbidity 0.87 (0.85-0.88) 0.78 (0.77-0.80) 0.77 0.79 0.81 0.76
Other morbidity 0.91 (0.90-0.92) 0.83 (0.82-0.85) 0.82 0.85 0.86 0.81
Nonhome discharge 0.95 (0.94-0.96) 0.88 (0.87-0.90) 0.87 0.89 0.89 0.86
Unplanned readmission 0.88 (0.87-0.89) 0.80 (0.79-0.82) 0.79 0.81 0.82 0.78

AUROC indicates area under the receiver operating characteristic curve; CEA, carotid endarterectomy; NPV, negative predictive value; PPV, positive

predictive value; and XGBoost, Extreme Gradient Boosting.

J Am Heart Assoc. 2023;12:e030508. DOI: 10.1161/JAHA.123.030508




¥202 ‘12 Yore |\ uo Ag Bio'sfeuinofeye//:diy wouy pspeojumoq

Lietal

Predicting MACE Following CEA Using ML

Q
[ee]
@ 4
Q
T o
o © 7
=
?5
o
o<
$ S
=
AUROC 0.91
a4 (95% Cl,0.90 —0.92)
o
=g
T T T T T T
0.0 0.2 04 06 0.8 10
False-positive rate

e |
[s0]
g
L)
o
O ©
s o
>
©
el
L
5 < |
w o
e}
Brier score 0.02
o~
g
o |
(=] I | | | | 1]
T T T T T T
0.0 0.2 04 06 0.8 10
Predicted value

Figure 1. Receiver operating characteristic curve for
predicting 30-day major adverse cardiovascular events
following carotid endarterectomy using the Extreme
Gradient Boosting (XGBoost) model.

AUROC indicates area under the receiver operating characteristic
curve.

Implications

Our ML models can be used to guide clinical decision-
making in several ways. Preoperatively, a patient pre-
dicted to be at high risk of an adverse outcome should
be further assessed in terms of modifiable and non-
modifiable factors. Patients with significant nonmodi-
fiable risks may benefit from medical management
alone or consideration of less-invasive interventions
such as carotid stenting.®® Patients with modifiable
risks, such as multiple cardiovascular comorbidities,
could be referred to cardiologists or internal medicine
specialists for further evaluation.3%4° At the postopera-
tive stage, patients at high risk of MACE may benefit
from close monitoring in the intensive care unit.! In ad-
dition, patients at high risk of nonhome discharge or
readmission should receive early support from allied
health professionals to optimize safe discharge plan-
ning.*> These perioperative decisions guided by our
ML models have the potential to improve outcomes
and reduce costs related to adverse events.

The programming code used for the development
and evaluation of our ML models is openly available
through GitHub. These tools can be used by clinicians
involved in the perioperative management of patients
being considered for CEA. On a systems level, our
models can be readily implemented by the >700 cen-
ters globally that currently participate in ACS NSQIP.
They also have potential for use at non-NSQIP sites,
as the input features are commonly captured variables
for the routine care of vascular surgery patients.*® Our
ML models have the advantage of providing auto-
mated risk predictions, thereby improving practicality

J Am Heart Assoc. 2023;12:e030508. DOI: 10.1161/JAHA.123.030508

Figure 2. Calibration plot with Brier score for predicting
30-day major adverse cardiovascular events following
carotid endarterectomy using the Extreme Gradient
Boosting (XGBoost) model.

in busy clinical settings compared with traditional risk
predictors that generally require manual input of vari-
ables.** We advocate for dedicated health care data
analytics teams at the institution level, as their sig-
nificant benefits have been previously demonstrated
and model implementation can be facilitated by these
experts.*

Limitations

Our study has several limitations. First, our models
were developed using ACS NSQIP data. Hospitals
that participate in ACS NSQIP tend to be larger with
more resources, which may limit the generalizability of
our models.*® Future studies should assess whether
performance can be generalized to institutions that do
not participate in ACS NSQIP. Second, the ACS NSQIP
database captures 30-day outcomes. Evaluation of ML
algorithms on other data sources with longer follow-up
would augment our understanding of long-term surgi-
cal risk. Third, we evaluated 6 ML models; however,
there are additional ML algorithms available. We chose
these models because they previously attained good
performance for predicting surgical outcomes using
structured data.'’> We achieved excellent performance;
however, ongoing evaluation of novel ML techniques
would be prudent. Fourth, our models use specific
patients undergoing CEA. Future predictive algorithms
for outcomes following transcarotid artery revasculari-
zation and transfemoral carotid artery stenting could
help further guide decision-making for other carotid
interventions.
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Figure 3. Variable importance scores (gain) for the top 10 predictors of 30-day major adverse
cardiovascular events following carotid endarterectomy in the Extreme Gradient Boosting

(XGBoost) model.

ASA indicates American Society of Anesthesiologists; CEA, carotid endarterectomy; and CHF, congestive

heart failure

CONCLUSIONS

In this study, we used the ACS NSQIP database to de-
velop robust ML models that preoperatively predict 30-
day MAGCE following CEA with excellent performance
(AUROC, 0.91). Our models also predicted stroke,
MI, death, carotid-related morbidity, other morbidity,
nonhome discharge, and readmission with AUROCs
of 0.87 to 0.95. Given that our ML algorithms perform
better than existing tools and logistic regression, they
have potential for important utility in the perioperative
management of patients being considered for CEA to
mitigate adverse outcomes.
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