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Postoperative atrial fibrillation (POAF) occurs in up to 20% to 55% of patients who
underwent cardiac surgery. Machine learning (ML) has been increasingly employed in
monitoring, screening, and identifying different cardiovascular clinical conditions. It
was proposed that ML may be a useful tool for predicting POAF after cardiac surgery.
An electronic database search was conducted on Medline, EMBASE, Cochrane, Google
Scholar, and ClinicalTrials.gov to identify primary studies that investigated the role of
ML in predicting POAF after cardiac surgery. A total of 5,955 citations were subjected
to title and abstract screening, and ultimately 5 studies were included. The reported
incidence of POAF ranged from 21.5% to 37.1%. The studied ML models included:
deep learning, decision trees, logistic regression, support vector machines, gradient
boosting decision tree, gradient-boosted machine, K-nearest neighbors, neural net-
work, and random forest models. The sensitivity of the reported ML models ranged
from 0.22 to 0.91, the specificity from 0.64 to 0.84, and the area under the receiver
operating characteristic curve from 0.67 to 0.94. Age, gender, left atrial diameter, glo-
merular filtration rate, and duration of mechanical ventilation were significant clinical
risk factors for POAF. Limited evidence suggest that machine learning models may
play a role in predicting atrial fibrillation after cardiac surgery because of their ability
to detect different patterns of correlations and the incorporation of several demo-
graphic and clinical variables. However, the heterogeneity of the included studies and
the lack of external validation are the most important limitations against the routine
incorporation of these models in routine practice. Artificial intelligence, cardiac sur-
gery, decision tree, deep learning, gradient-boosted machine, gradient boosting deci-
sion tree, k-nearest neighbors, logistic regression, machine learning, neural network,
postoperative atrial fibrillation, postoperative complications, random forest, risk
scores, scoping review, support vector machine. © 2023 Elsevier Inc. All rights
reserved. (Am J Cardiol 2023;209:66—75)
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Postoperative atrial fibrillation (POAF) is the most com-
mon arrhythmic complication after cardiac surgery and can
be generally attributed to a combination of inflammatory
response, oxidative stress, autonomic imbalance, and struc-
tural-functional remodeling of the atrial muscle.’ Its peak
incidence occurs on the second postoperative day with a
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reported average incidence rate of 35% among all cardiac
surgical procedures.”

In general, risk factors for developing POAF include
advanced age, obesity, the presence of co-morbidities (such
as chronic obstructive pulmonary disease, diabetes mellitus,
and arterial hypertension),’ the need for intraoperative
blood transfusion, surgery for valvular heart disease,” and
the development of postoperative complications (such as
stroke, and infections).(‘

It was also reported that POAF may an independent pre-
dictor of several adverse outcomes in post-cardiac surgery
patients, including renal insufficiency, stroke, cognitive dys-
function, and both short and long-term mortality.”’ In addi-
tion, POAF can be associated with prolonged hospital length
of stay and increased resource utilization.” Despite advance-
ments in surgical and anesthetic techniques, the incidence of
POAF has not decreased significantly in the last decades,
and it is expected to increase given the increasingly aging
and poly-morbid patient population.® Therefore, identifying

www.ajconline.org

Descargado para Anonymous User (n/a) en National Library of Health and Social Security de ClinicalKey.es por Elsevier en diciembre 05, 2023. Para
uso personal exclusivamente. No se permiten otros usos sin autorizacion. Copyright ©2023. Elsevier Inc. Todos los derechos reservados.


http://crossmark.crossref.org/dialog/?doi=10.1016/j.amjcard.2023.09.079&domain=pdf
mailto:cardiac.science.lab@gmail.com
www.ajconline.org
https://doi.org/10.1016/j.amjcard.2023.09.079

Miscellaneous/Machine Learning for Postoperative Atrial Fibrillation 67

patients with a high probability of developing POAF and ini-
tiating preventive treatments during the perioperative period
is critical for effective management.™

The mechanisms for developing new-onset AF after car-
diac surgery are very complex and multi-factorial.'” Never-
theless, multiple risk stratification models have been
introduced to predict POAF, including the FHS (Framing-
ham Heart Study), the ARIC (Atherosclerosis Risk in Com-
munities Study), and the Cohorts for Heart and Ageing
Research in Genomic Epidemiology- Atrial fibrillation
(CHARGE-AF) scores.'' ~'? These models employ easily
obtainable variables, such as age, ethnicity, height, weight,
blood pressure, smoking status, antihypertensive medica-
tion use, history of diabetes, and heart failure.'* Moreover,
structural cardiac abnormalities, such as atrial fibrosis and
atrial enlargement have also been used to predict the risk of
developing POAF.""

Several healthcare industries have been increasingly
applying machine learning (ML) for diagnosis, image inter-
pretation, treatment strategy, and outcome prediction.” ML
algorithms, a subdiscipline of artificial intelligence, can
process complex inputs and identify subtle relations that
traditional statistical methods may miss.'” It is generally
divided into 3 main types: supervised, unsupervised and
reinforcement learning.”” During training, the former type
of learning requires labels, such as whether a POAF event
has occurred or not and as a result, the algorithm is given
both the input and output labels. Conversely, unsupervised
learning aims to find connections between the data without
the aid of labels, and as such, several techniques, including
clustering, have been described for this type of learning.
The concept of reward maximization is used in the latter
form of learning, where the ML algorithm takes on the role
of an agent that gets either positive or negative reinforce-
ment to aid it in the decision-making process.'’

The aim of this scoping review is to consolidate the
available literature on the role of different ML models in
the prediction of POAF in patients who underwent cardiac
surgical procedures.

Methods

Search strategy and study selection

The Preferred Reporting Items for Systematic Reviews
and Meta-Analysis (PRISMA) were followed when con-
ducting this scoping review.'® Requests for access to the
extracted data or the data extraction template may be pro-
vided upon contact with the corresponding author. The fol-
lowing databases were electronically searched for primary
studies evaluating the use of ML in predicting POAF in
patients who underwent cardiac surgical procedures: Med-
line, EMBASE, Cochrane, ClinicalTrials.gov, and Google
Scholar (December 30, 2022). A combination of keywords,
“machine learning,” “artificial intelligence,” “cardiac sur-
gery,” and “postoperative atrial fibrillation,” were used in
the literature search. For consideration, articles had to be
written in English, be primary studies including adults at
least 18 years old, and present results for an ML model
used to predict POAF after cardiac surgery.

s

Study outcomes

Outcomes of interest included specificity, sensitivity,
area under the receiver operating characteristic curve
(AUROC), and incidence of POAF.

Screening

Literature search results were uploaded to Covidence
review software (Covidence Systematic Review Software,
Veritas Health Innovation, Melbourne, Australia. http://
www.covidence.org).

Data extraction

The author, publication date, study design, prevalence of
POAPF, initial study population demographics, and pertinent
results were among the data that were extracted. A table of
study characteristics was created to extract and compile all
the articles. Two independent blinded reviewers assessed
all of the studies’ quality using the Newcastle Ottawa Qual-
ity Assessment.

Results

Through the literature search, a total of 5,955 citations
underwent title and abstract screening by 2 blinded inde-
pendent reviewers (AES and AS), of which all conflicts
were resolved by a third reviewer (RC). Fourteen studies
were eligible for a full-text evaluation by 2 blinded inde-
pendent reviewers (AES and RC), and conflicts were
resolved by a third reviewer (AS). From that, 7 studies were
ultimately included for data extraction in this scoping
review (Figure 1).””'77'” Five of the studies were retro-
spective, and 2 were prospective in design, compiling data
from a total of 26,703 patients who underwent cardiac
surgery.””'""'” The mean age of the patients across all the
studies ranged from 50.4 to 65.8 years, and the proportion
of males across all studies ranged from 51.6% to
75.2%.”%""~ " The incidence of POAF across all the stud-
ies ranged from 21.5% to 37.1% across the studies.”""'" """

The studies within this scoping review varied in their
inclusion criteria and cardiac surgical procedures
(Table 17%"772! Figure 2). The most common cardiac pro-
cedure included was coronary artery bypass grafting
(CABG). Other studies included patients who underwent
single valve surgery,””'""'® multiple valve surgery,'® aortic
surgery,””'’"*" minimally invasive surgery,'” or a combi-
nation of these procedures. The diagnostic modalities used
to identify POAF across the studies were also diverse, with
3 studies relying on electrocardiogram (ECG) data,'”'®*'
while the remaining 4 studies utilized clinical documenta-
tion, administrative data, or Holter monitoring.7’9’w’20

The ML algorithms utilized in the studies included deep
learning (DL),”! decision trees (DT),” logistic regression
(LR) models,””""? support vector machines (SVMS),7’9 18,20
gradient boosting DT (GBDT),”'” gradient-boosted
machine (GBM),” K-nearest neighbors (KNNs),” neural
network (NN),ZO and random forest (RF) models.””" These
ML algorithms used a range of patient characteristics such
as age, sex, body mass index, history of hypertension, dia-
betes, congestive heart failure, glomerular filtration rate,
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Figure 1. PRISMA diagram.

left atrial diameter, previous myocardial infarction, and
chronic obstructive pulmonary disease to predict the proba-
bility of a POAF occurrence.””'’ """ Four studies also
incorporated intraoperative variables such as cardiopulmo-
nary bypass time and mechanical ventilation time as risk
predictors.”'%? Reported performance metrics, such as
sensitivity and specificity, varied across the studies and
ranged from 0.22 to 0.91 and 0.64 to 0.84, respectively;
Table 2.””'"~?! The area under the receiver operating char-
acteristic curve (AUC-ROC) values ranged from 0.67 to
0.94, and the overall accuracy of the ML algorithms ranged
from 67% to 72%."""'"~'? Study outcomes are summarized
in Table 3.7%!77%!

The model that was produced by Hiraoka et al,'’
was based on using a GBDT ML model to detect POAF
after a variety of cardiac surgical procedures using pulse
rate data output from an Apple watch with built-in
photoplethysmography. In this study, pulse rate was col-
lected from 79 patients who underwent cardiac surgery for
24 hours during hospitalization and continuously after dis-
charge for up to 14 days.'’ Features of pulse data were com-
puted every minute up to 10 min of POAF diagnosis and
treated respectively as a single record for training.'” The
median of mean heart rate and SD up to the time of diagno-
sis were compared with baseline.'” The GBDT model was
trained on 59 patients and tested on 20 patients.'” Specific-
ity was measured at 0.838, sensitivity was measured at
0.909, and AUROC was measured at 0.942."” The authors
found the main predictors contributing to AF diagnosis
(with GBDT) to be age and baseline changes in HR."”

Another model, produced by He et al, % used a SVM ML
model to predict POAF after cardiac surgery. Long-term
single-lead ECG was collected on 94 patients more than
24-H before surgery and more than 7 days after surgery.'®
The model was trained in total on 38 patients and tested on
56 patients with optimal hyperparameters determined by
fivefold cross-validation and grid search.'® Two schemes
were adopted such that one included all patient data
(scheme A) while another included random patient data sets
to ensure data balance as far as possible (scheme B).'® In
scheme A, an accuracy of 0.66, a specificity of 0.74 and a
sensitivity of 0.22 were reported'® while in scheme B, an
accuracy of 0.67, a §Peciﬁcity of 0.78 and a sensitivity of
0.56 were reported.'® Two multivariate prediction models
were then adopted: one based solely on clinical patient
characteristics: age, sex, left atrial diameter, glomerular fil-
tration rate, and duration of mechanical ventilation (model
1), and another with these characteristics in addition to P-
wave ECG data (P, , Pstd, and PWd) (model 2).18 Models
1 and 2 reported an AUROC of 0.86 and 0.89, respectively,
suggesting that the model combining P-wave parameters
and clinical data performed better in predicting POAF."'®

In their study, Tohyama et al’' reported the use of DL on
12-lead ECG data collected for 30 days before surgery to
predict POAF. A total of 27,563 patients were included in
this study and the DL model was trained, tuned, and inter-
nally validated in a ratio of 7:1:2, respectively.”' At 7 days
postoperatively, the model was found to achieve a sensitiv-
ity of 79.9%, specificity of 73.5%, positive predictive
value of 10.2%, and negative predictive value of 99.0%.°!
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Table 1
Study Characteristics

Author Country Study design Machine learning Incidence Type of cardiac Cross-validation Diagnostic Training Validation Test sample size
model(s) of POAF surgery modality sample size sample size
Heetal. China Prospective support vector 31.00% single valve surgery  5-fold Single-led ECG and 38 NA NA
20228 machine (Two mod- (n=41), multiple clinical data
els: clinical model valve surgery
or clinical + ECG (n=32), CABG
model) (n=7), AVR (n=21)
Hiraoka Japan Prospective gradient boosting 34.20% off-pump CABG Bayesian Wearable device 59 NA 20
etal. 2022"7 decision tree (n=18), valve sur- Optimization with (Apple Watch
gery (n=57), other cross-validation Series 4)
surgery (n=4), mini-
mally invasive sur-
gery (n=7)
Karri Australia  Retrospective Random forest 21.50% CABG, valvular oper- 5-fold Multivariate 80% of NA 20% of 6040 = 1208
etal. 2021° classifier, decision ation, revision pro- Characteristics 6040 = 4832
tree classifier, logis- cedures, and
tic regression, K indicators of cardiac
neighbours’ classi- surgery such as car-
fier, support vector dioplegia or cardio-
machine, and gradi- pulmonary bypass
ent boosted
machine
Luetal. China Retrospective Logistic Regression, 37.10% Valve and/or Coro-  10-fold Multivariate 70% of NA 30% of 1400 =420
20237 Gradient Boosting nary Artery Bypass Characteristics 1400 =980
Decision Tree, Sup- Grafting Surgery
port Vector under Cardiopulmo-
Machine nary Bypass (CPB)
Magee United Retrospective Logistic Regression 21.50% CABG Hosmer-Lemeshow  Multivariate NA NA NA
etal' States X2 Characteristics
Parise Netherlands Retrospective multivariate adaptive ~ 10.66% CABG 10-fold Multivariate 296 patients NA 96 patients (25%)
et al® regression spline, Characteristics (75%)
neural network,
random forest,
support vector
machine
Tohyama Japan Retrospective deep learning 3.60% NA NA ECG 30786 ECG (70%) 8796 ECG (20%) NA
et al”’
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Figure 2. Machine learning process of predicting postoperative atrial fibrillation.

The C-statistic was reported to be 0.83, which can be com-
pared with a reference of 0.63 derived from a single net-
work (without ML) of clinical variables that included age
and sex only.”' The authors noted a high negative predictive
value of the model to underscore the potential for preopera-
tive ECG data analyzed with DL to be effective in screen-
ing and identifying high-risk patients with POAF who will
require appropriate ECG monitoring during the postopera-
tive period.

The remaining 4 studies developed ML models based
exclusively on clinical data of multivariate patient char-
acteristics, either preoperatively, postoperatively, or a
combination of such factors. For example, Karri et al,’
generated multiple ML models using a RF classifier, DT
classifier, LR, KNN, SVM, and GBM to predict POAF
after cardiac surgery. These ML models were trained on
4,832 participants and tested on 1,208 participants, with
fivefold cross-validation.” Performance was then com-
pared with the established gold standard scoring tool
known as the POAF score, which was reported in this
study, and consistently in literature, to have a specificity
of 0.65, a sensitivity of 0.60 and an AUROC of 0.63.”

The best model in this study was the GBM, which per-
formed better than the POAF score (specificity 0.64, sen-
sitivity 0.73, AUROC 0.74).” Notably, all ML models
performed superior (AUROC range from 0.67 to 0.74) to
the POAF score except for the DT classifier, which sub-
stantially underperformed (AUROC of 0.59).” The
authors found age, other cardiac procedures, congestive
heart failure, and valvular disease to be among the largest
patient characteristics predictive for POAF.’

In another study, Lu et al,’ generated an LR, GBDT, and
SVM model that was trained on 980 participants and tested
on 420 participants with a 10-fold cross-validation. All
models performed similarly with a specificity range of 0.72
to 0.79, a sensitivity range of 0.60 to 0.68, and an AUROC
of 0.77 to 0.78.” As the relative importance of predictors
showed by GBDT algorithm, the 6 most influential predic-
tive variables were left atrial diameter postoperative white
blood cell count count, advanced age, Preoperative platelet
count, arrhythmia, and type of surgery.

In their publication, researchers Magee et al'” produced
an LR model from perioperative risk factors for POAF after
CABG across 19,083 patients and compared the prediction

Table 2

Study findings

Study ML Models Specificity Sensitivity AUROC

He et al.'® SVM (clinical +/- ECG) 0.74-0.78 0.22-0.56 0.86 — 0.89 (+ ECG)
Hiraoka et al."” GBDT 0.838 0.909 0.942

Karri et al.” RF, DT, LR, KNN, SVM, GBM 0.64-0.83 0.36-0.73 0.67 — 0.74 (GBM)
Luetal. LR, GBDT, SVM 0.716-0.795 0.600-0.684 0.77—0.78
Magee et al."’ LR NA NA 0.72

Parise et al.>’ MARS, NN, RF, SVM, DL 0.74-1 0.67-1 0.78— 0.95 (SVM)
Tohyama et al.*! DL 0.735 0.799 0.83
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Table 3
General study conclusions
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Study

General Conclusion

Risk factors for POAF

Tohyama et al. (2023)*!

Parise et al. (2023)*°

Lu et al. (2022)’
He at al. (2022)'®

Hiraoka et al (2022)"”

Magee et al. (2022)"°

DL model is effective in screening for POAF in the
post-operative period.

RF outperformed all other models in clinical
prediction of POAF following CABG.

SVM was the best predictor and may be an effective
tool for predicting POAF.

Clinical + ECG model and the ML model based on
P-wave parameters could predict POAF.

Apple Watch could potentially detect AF with a ML
classifier during the recovery period after heart
surgery.

The model demonstrates acceptable accuracy and

Preoperative ECG changes

Age, preoperative creatinine values, time of aortic
cross-clamping, body surface area (BSA), and
Logistic Euro-Score

Increased left atrium diameter (LAD), postoperative
white blood cell count (WBC) and age

P wave parameters

Age and baseline standard deviation (SD) of heart
rate

Age, the need for prolonged ventilation (24 hours or

concordance, good selectivity.

Karri et al. (2021)°

ML can outperform clinical scoring tools.

more), the use of cardiopulmonary bypass and
preoperative arrthythmias.

Age, coagulopathy, valvular disease, valve opera-
tions, renal failure, liver disease, other neurologi-
cal disorders and congestive heart failure

model to the true outcomes of the disease. Prolonged venti-
lator use, pump status (on/off), and race were factors found
to be of significant consideration within the study (odds
ratio >1.50).'” To that end, a weighted variable algorithm
consisting of 14 readily obtainable clinical indicators was
created and demonstrated to be of strong prediction capabil-
ity for POAF after CABG (AUROC 0.72)."”

Finally, Parise et al”’ assessed the performance of ML
models based on multivariate characteristics in 394 patients
who underwent CABG surgery. Researchers trained and
tested 4 separate models (multivariate adaptive regression
spline [MARS], NN with 3 hidden layers, RF, and SVM) in
a 75:25 participant ratio.”’ When analyzed within a confu-
sion matrix calculated at the threshold value of 0.50, the
authors reported the RF model to outperform all others in
the clinical prediction of POAF after CABG with observed
specificity, sensitivity, and accuracy of 0.81, 0.60, and 0.79,
respectively.”” All other models ranged from (0.60 to 0.70),
(0.57 to 0.70), and (0.58 to 0.69) within the same respective
categories.20 Furthermore, the MARS, NN, RF, and SVM,
reported a maximal AUROC of 0.87, 0.94, 0.78, and 0.95,
respectively.”’ As noted, no single model achieved maxi-
mal ROC, sensitivity, and specificity together. Among all
multivariate characteristics, the RF model demonstrated
that age, preoperative creatinine values, time of aortic
cross-clamping, and body surface area, to be among the
greatest predictive factors (normalized contribution to
model greater than 40%)."

Discussion

Based on the available literature, ML models can poten-
tially predict POAF after cardiac surgery with promising
specificity, sensitivity, and AUROC scores. The mechanics
of ML require several crucial elements to operate fluidly
together. To effectively train an ML model, it is imperative
to provide sufficient and reliable data. Various forms of
monitoring, such as ECG, Holter monitoring, and wearable
devices, can also provide a source of very valuable data

that can be input into these models.”” In order for ML algo-
rithms to function appropriately, it is imperative that the
data be preprocessed before it is utilized in the algorithms.*”
This entails determining and eliminating outliers, dealing
with missing data, and scaling the data to guarantee that all
variables are considered equally.”” Numerous algorithms
are available, including supervised learning algorithms
(SVM, DT, or LR) and unsupervised learning techniques
such as clustering and dimensionality reduction to be
trained on the chosen diagnostic modality. The basic princi-
ples, advantages, and limitations of each of these models
are summarized in (Table 434735 ).36

The algorithm depends on the diagnostic modalities’
respective data and the purpose of the model.”” While SVM
works by identifying the best hyperplane that separates dif-
ferent classes of data points,38 other models such as GBDT,
RF, DT, KNN, and GBM are ensemble algorithms that
combine multiple weak models to create a stronger predic-
tion model.*® Also, MARS, NN, and DL are nonparametric
regression algorithms that can capture nonlinear relations
between predictor variables and outcomes.’” The algorithm
receives input data and the related output during the train-
ing.”” After learning from the input-output pairings, the
algorithm modifies its internal parameters to minimize the
discrepancy between the predicted and actual output.”’ The
algorithm is refined this way until it achieves acceptable
accuracy when it is prepared for testing. The test sets find-
ings are utilized to fine-tune the model and provide
improvements where they are required.*’

In the study by Hiraoka et al,'” the AUROC curve shows
that their algorithm had a diagnostic accuracy of 0.9416
(Sensitivity 0.909 and Specificity 0.838 at the point closest
to the top left). Other publications showed that wearable
technology has good diagnostic accuracy for non-surgical
AF with an area under the ROC curve of >0.9."' =" These,
however, are predicated on data sampling with a prese-
lected group of patients who have a history of AF and in a
constrained ideal setting (e.g., at rest or when data collec-
tion duration is only a few hours).
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Table 4

Benefits and Setbacks of ML models

ML Algorithm Description of Model Advantages Limitations

Model

Logistic ® Uses flow properties, such as con- ® Associated with low variance. ® May be modified to multiclass classifica-
regression tinuous, discrete, or hybrid, prior @ Offers probability for output. tion using a variety of applications but
(LR)**% to linearly combining the inputs ~ ® Simple to use, and training takes little cannot naturally categorize multi-class

by passing them through a logistic ~ time. data.
function. ® Does not function well in the presence of
® Most widely used supervised ML interconnected attributes
algorithm as it produces more ® In situations where there are too few
reliable results in large datasets. observations compared to features, logis-
tic regression may result in overfitting.
® Regression models need relevant and
biologically important independent pre-
dictor variables to be valid.
e Collinearity can cause errors or uncer-
tainty in estimating effects.
® Variables must have consistent associa-
tion magnitudes, and interactions
between predictors must be considered
for valid estimates.

K-nearest e Simplest of the supervised ML e Simple to implement and comprehend ® The pace of the algorithm slows down
neighbor algorithms since it is free of assumptions. significantly as the amount of data
(KNN)** ® To apply the algorithm, attribute ~ ® Heuristic in nature. increases.

vectors must be constructed. o Swiftly adapts to input changes while ® As the number of variables rises, it gets

® Next number of neighbourhoods being used in real-time. more challenging to obtain the desired

is specified by the k parameter, ® Could be easily utilized to solve multi- output.

which also determines the nearest  class classification problems. ® ]t is impacted by outliers and is unable to

neighbor that each data input handle missing numbers.

should be assigned to. ® The variable characteristics must all be
stated in the same scale for the system to
function effectively.

Naive Bayes (NB)*"*® ® Implements the conditional inde- ® Very reliable findings are produced using ® To attain favourable results, large data

pendence rule, which stipulates this relatively records are required.
that all properties are independent  quick and adaptable model. e Compares poorly to the other classifiers
variables and thus changes in ® Highly suited for larger data sets. in terms of performance depending on
each variable would do not ® Training doesn’t require much of your the type of problem.
impact others. time. ® Conditional Independence assumption
® Useful supervised ML algorithm @ Reduces unnecessary specifications to may not always work due to feature
when classifying larger data sets. improve grading performance. dependence, causing issues like zero-
probability and suboptimal binning with
Multinomial Naive Bayes.
® Imbalanced data may not be handled well
with Complement Naive Bayes.

Support vector ® A supervised ML algorithm that @ Produces reliable findings despite the ® Choosing the right kernel solution func-

machine is based on statistical learning lack of sufficient data. tion is often challenging.
(SVM)>-° theory. ® Particularly effective with unstructured ~ ® When working with extensive data sets,
® Used prominently for the classifi- data. training takes a while.
cation of binary, multiclass or ® Uses a handy kernel solution function to ® The model could be challenging to per-
non-linear data. solve difficult problems. ceive and comprehend due to issues
® The foundation of SVM is the ® [s comparatively excellent at high dimen-  brought on by individual circumstances
prediction of the decision func- sional data scaling. and varied weights.
tion that can discriminate ® The contribution of each variable to the
between classes. outcome varies because the variable
weights are not constant.
® SVM struggles with complex classifica-
tion problems.
Random e Simple supervised ML algorithm ® Because of the relationship between ® Visually challenging to comprehend and

forest (RF)*'*?

overfitting.

utilized for classification of data
and generation of decision trees
since it is not vulnerable to

training and testing data,

the likelihood of encountering a classifier
that does not

perform well is decreased.

interpret.

Significantly more time-consuming and
difficult to build than decision trees.
Computation-intensive and the algorithm
itself is less heuristic.

(continued)
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ML Algorithm Description of Model Advantages Limitations
Model
® When training this ML algorithm, ® Extremely flexible with very high accu-
it produces many decision trees racy that is present even
from the subset of the problem when a large proportion of the data are
and estimates each tree. missing.
® The most voted estimations are ® Versatility in solving regression and clas-
used for classification. sification problems.
e Handling both categorical and continu-
ous variables
® Automatic addressing of missing values,
no feature scaling requirement
o Efficient handling of non-linear
parameters
® Robust to outliers and noise
e Stable in handling new data without sig-
nificant impact on accuracy.
Extreme gradient ® A scalable form of gradient ® When the data is clean, it can avoid More challenging to comprehend com-
boosting boosting which combines outputs overfitting. pared to other linear algorithms.
(XGBoost)™ from trees to generate predictions. ® Can deal with missing values. Data that is noisy could overfit.

® By building more trees, this ]
supervised ML algorithm reduces
the errors of the prior trees and as
such the model increases in reli-
ability as trees are added.
Light gradient boosting ® Another type of supervised, deci- ®
machine (LightGBM)***  sion tree-based ML algorithm that
effectively implements aspects of
the gradient boosting framework.
® Main difference is that it grows
trees vertically instead of hori- U
zontally as other ML models
would. U

Enables for cross-validation at each itera-
tion of the process,
maximizing the number of iterations.

Utilizes an optimization technique called
histogram-based split finding, which
accelerates the training process by divid-
ing continuous feature values into dis-
crete bins.

Reduces memory use by switching con-
tinuous data to discrete bins.

By using a leaf-wise tree growth strategy
instead of a level-wise split approach (the
primary element in getting greater accu-
racy), it creates far more complicated
trees.

With a considerable reduction in training
time, it can perform just as well with
larger datasets as other gradient boosting
models

Since it employs leaf-wise tree develop-
ment to build deeper, more intricate trees,
it can be more challenging to analyze and
comprehend.

Prone to overfitting, especially in small
data sets

Several artificial intelligence models are routinely used
in cardiac surgery to enhance patient outcomes and opti-
mize surgical techniques. Convolutional Neural Networks
(CNNs) are oftentimes used to evaluate diagnostic data to
detect patients at the hi§hest risk of cardiovascular disease
or related risk factors.”” Similarly, recurrent NNs are fre-
quently used to assess physiological data, such as ECGs, to
detect aberrant cardiac rhythms.45 DL, a subset of ML, can
also to forecast results and identify patients vulnerable to
postoperative complications.***’

For POAF detection, both conventional and DL ML
techniques have been employed.”® In studies comparing
ML and traditional risk scores for predicting POAF after
cardiac surgery, ML has been demonstrated to have several
advantages. First, conventional risk measures, such as
CHA2DS2-VASc score, are based on a few clinical criteria
and do not account for all the critical risk factors for
POAF.* ML algorithms, on the other hand, can examine a
wide range of factors, such as patient characteristics,

medical history, and laboratory data, to find patterns and
associations that might be predictive of POAF.”” Second,
traditional risk assessments need more flexibility, as they
may be unrevised after the release of new information.”’
Third, ML algorithms may be able to handle missing data
more effectively because they do not rely on data distribu-
tion assumptions and can perform more sophisticated com-
putations. In addition to assisting in processing imaging or
electrocardiographic data, ML algorithms may also incor-
porate and understand vast amounts of clinical data and iso-
late novel clinical patterns and concepts.'*” Finally, it is
also important to understand that clinical risk assessment
models for POAF assume that each of the risk factors iden-
tified by LR has a linear relation with the dependent vari-
able, POAF in this case.” However, because of the
sensitivity of multicollinear independent variables in the
model, LR is unsuitable for analyzing various variables,
especia711y if the correlations between them are not linear in
nature.
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Future Directions of Research

There are several domains that future studies should
focus to improve the performance of ML models in predict-
ing POAF. First, data from electronic health records should
be integrated in different ML algorithms to collect pertinent
clinical data for the prediction of POAF and for creating
quicker and more accurate management strategies. Second,
real-time monitoring of patients and the processing of con-
tinuous ECG data, collected using wearable or implantable
devices, can be effective in improving the diagnostic capa-
bility of ML models. Third, in addition to identifying indi-
viduals who are more likely to develop POAF, future ML
models may be implemented to personalize therapeutic
options, such as the use of antiarrhythmic and anticoagulant
therapies, and the detection or forecasting of POAF-related
complications such as stroke or mortality.

Limitations

The current review has several limitations. First, several
studies had a relatively small training and testing sample
size with lack of external validation. Second, there were
several methodological inconsistencies in some of the
included studies such as the limited-quality ECG signals or
the lack of continuous ECG monitoring which could poten-
tially have resulted in underestimation of the reported inci-
dence of POAF.”'® Third, there was a degree of
heterogeneity in terms of defining POAF and the reported
period of patient monitoring. Finally, the multi-factorial
nature of POAF and its underlying complex mechanism
may make it challenging to create a “perfect” predictive
ML model with reliable performance that can be incorpo-
rated in routine practice.

Conclusions

Our findings suggest that ML may play a role in predict-
ing the development of atrial fibrillation after cardiac sur-
gery. ML modes may offer an advantage over conventional
risk scores because of their ability to analyze different cor-
relations and their potential for incorporating several demo-
graphic and clinical variables. Future ML models may also
be useful to predict complications related to POAF and tai-
lor management strategies to each patient’s clinical data
and risk profile. However, the methodologic heterogeneity
among the included studies and the lack of external valida-
tion mandate the need for future studies with adequate sam-
ple size that can be robust to overfitting.
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