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Abstract

Surgical complications pose significant challenges for surgeons, patients, and health care systems 

as they may result in patient distress, suboptimal outcomes, and higher health care costs. 

Artificial intelligence (AI)-driven models have revolutionized the field of surgery by accurately 

identifying patients at high risk of developing surgical complications and by overcoming several 

limitations associated with traditional statistics-based risk calculators. This article aims to provide 

an overview of AI in predicting surgical complications using common machine learning and deep 

learning algorithms and illustrates how this can be utilized to risk stratify patients preoperatively. 

This can form the basis for discussions on informed consent based on individualized patient 

factors in the future.
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Introduction

The number of surgical procedures performed each year in the United States has steadily 

increased over the past few decades, rising from 13.4 million in 1995 to 19.2 million in 

2018.1 The rate of complications resulting from surgical procedures varies depending on 

patient comorbidities, disease or treatment factors, and the circumstances of the surgical 

procedure (eg, trauma, emergency surgery, and contaminated wounds).2,3 Complications can 

range from minor events that can be resolved rapidly without the need for intervention to 

more serious problems that can be life threatening, necessitate a return to operating room, 

or prolong hospital stay.4 Therefore, surgical complications pose significant challenges for 

surgeons, patients, and health care systems as they may result in patient distress, suboptimal 

outcomes, and higher health care costs.5–7

Artificial intelligence algorithms have advanced surgery by helping clinicians quantify 

the risk of surgical procedures for a given patient based on their individual risk factors 

and circumstances.8–11 AI-driven models can learn relationships and patterns between 

complicated variables and determine which complex combinations of patient and treatment 

features indicate higher or lower risk of a given complication. In this article, we review 

the use of AI models in predicting surgical complications. We provide surgeons with an 

overview of AI in predicting surgical complications using common machine learning (ML) 

and deep learning algorithms, and the current applications and limitations of AI in the 

surgical field.

Artificial Intelligence vs Traditional Risk Calculators

Predicting the likelihood of a postoperative complication accurately is critical for optimizing 

patient selection before surgery, directing perioperative decision-making, gauging the 

threshold for concern in the postoperative period, and guiding early intervention.12 To 

stratify patients’ postoperative morbidity and mortality risk, various risk stratification and 

predictive models have been developed, including the American College of Surgeons 

Surgical Risk Calculator (ACS-SRC), the American Society of Anesthesiologists (ASA) 

score, and the Physiologic and Operative Severity Score for the Enumeration of Mortality 

and Morbidity (POSSUM).13–15

Although the development of traditional risk assessment instruments such as the ACS-

SRC, ASA score, and POSSUM has provided surgeons and patients with valuable tools 

for assessing the risk of complications following surgical procedures, these tools have 

limitations that can decrease their predictive power. Traditional risk assessment tools 

use Cox proportional hazards regression analysis or logistic regression models that may 

overestimate or underestimate risks because in many cases these models rely on variables 

that have statistically significant effects on outcomes. Such approaches may, therefore, 

exclude subtle, but important, factors that may also influence outcomes. In addition, 

traditional models often assume a linear correlation between variables and outcomes 

and may not account for more complex interactions, particularly at the extremes of 

variable ranges (Figure 1).16 Furthermore, the overfitting and multicollinearity limitations 
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of regression analysis preclude the examination of a large number of variables. Therefore, 

current prediction models are often limited to a relatively small number of variables and may 

exclude other important modulators of outcome.17,18

AI techniques often have better predictive performance than do traditional statistical 

models limited to logistic regression.17,19–21 ML algorithms allow for the evaluation of 

a higher number of clinical variables than do traditional modeling approaches and may 

help identify weak predictors or interactions between variables that may improve prediction 

accuracy.17,19 By developing nonlinear models that use multiple data sources, such as 

diagnoses, treatments, and laboratory values, ML has outperformed logistic regression 

for predicting postoperative outcomes.22–25 Recent work from our group, for example, 

showed that, compared with multivariable logistic regression, ML demonstrated higher 

predictive discriminatory performance and identified more predictors of complications in 

both abdominal wall reconstruction and reconstruction following mastectomy.20,21 And in 

contrast to conventional statistical approaches, incremental learning enables ML to improve 

continuously as new data are added.26,27 Thus, unlike traditional risk calculators, which are 

static, ML models are dynamic and continuously improve over time.

Applications in Surgery

Hepatobiliary and Colorectal Surgery

Merath et al12 developed a model to predict complications of patients undergoing hepatic, 

pancreatic, and colorectal surgery using the National Surgical Quality Improvement Program 

(NSQIP) database. The model was trained using 15,657 patients and achieved AUCs ranging 

from .76 for prediction of surgical site infections to .98 for prediction of stroke. The 

researchers also demonstrated that the ML models outperformed the ASA and ACS-SRC. 

Other researchers have used deep learning models to predicted complications for patients 

with locally advanced or recurrent colorectal cancer who undergo pelvic exenteration.28 In 

that study, an ANN model was developed using 1,147 patients and achieved AUCs ranging 

from .61 to .79. The authors concluded that their deep learning model was better than 

logistic regression at predicting an outcome from a complex combination of patient- and 

procedure-related variables.

Cardiothoracic Surgery

Lapp et al29 developed ML models to predict severe postoperative complications in 

patients who underwent coronary artery bypass graft and/or valve surgery. Using data 

from 3,700 patients, their random forest model, with an AUC of .72, achieved better 

performance than other models. Subsequently, Salati et al30 developed an ML model to 

predict cardiopulmonary complications in patients undergoing lung resection. Their extreme 

gradient boosting model, trained on 1,360 patients, achieved an AUC of .75 and an accuracy 

of 70%, outperforming other models. The authors concluded that the ML models provide 

personalized predictions by analyzing the characteristics that were available for each patient 

and support surgical decision-making by suggesting individualized postoperative care, 

selecting preoperative regimens for patients at high risk of complications, and evaluating 

the quality of care.
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Breast Cancer Surgery

Recently, our team developed ML models to predict skin flap necrosis in patients 

undergoing mastectomy for breast cancer.20 Using data from 694 patients, we evaluated 

the predictive performance of nine ML algorithms. The algorithms, which were trained 

on readily available perioperative data, predicted individual patients’ risk of mastectomy 

skin flap necrosis with an AUC of .70 and 89% accuracy. Additionally, by performing PFI 

and ALE analysis, we identified risk factors associated with this complication. In another 

recent study,31 our team used ML models to predict sentinel lymph node status in elderly 

patients with primary breast cancer. Using data from 1,706 consecutive patients, a support 

vector machine was developed to preoperatively predict node positivity using patients’ 

demographics, tumor stage, genetic profile, and imaging data. The model identified these 

patients’ sentinel lymph node status with high accuracy (accuracy, 84%; 95% CI: 80–88%) 

and predictive performance (AUC, .70; 95% CI: .62-.77). Additionally, analysis of the model 

helped reveal factors associated with lymph node positivity, such as disease stage, younger 

age, family history of breast cancer, margin status, and estrogen and progesterone receptor 

positivity. This model can help patients understand their risk for node-positive disease, 

which may influence recommendations regarding surgery and adjuvant therapy.

Plastic and Reconstructive Surgery

ML models have been developed to predict complications after implant-based breast 

reconstruction.32 Using perioperative data from 481 patients, we trained ML models to 

predict periprosthetic infection and the need for device explantation. We found that the ML 

models demonstrated high performance in predicting infection (AUC, .73; accuracy, 83%) 

and the need for device explantation (AUC, .78; accuracy, 84%). Furthermore, ML models 

out-performed traditional multivariable logistic regression in identifying contributing risk 

factors such device placement plane, type of acellular dermal matrix used, and adjuvant 

therapy. Using the same data, for example, multivariable logistic regression found two 

predictors of infection, whereas ML identified nine. These algorithms can help surgeons 

make informed decisions and provide an objective and accurate metric to use when 

counseling patients about prospective reconstructive alternatives and consequences. The 

models can also assist a patient in the informed consent process by predicting the risks and 

benefits of a particular procedure and identifying modifiable variables that can be addressed 

before reconstruction to optimize the patient’s suitability for the procedure.

Neurological Surgery

Niftrik et al33 developed an extreme gradient boosting model to predict complications for 

patients undergoing intracranial tumor surgery. Using data from 668 patients, the model 

had an accuracy of 70% and AUC of .74, and it overperformed a conventional statistical 

model in predictive power. Subsequent work by Farrokhi et al used ML algorithms to predict 

complications after deep brain stimulation surgery. The supervised models demonstrated 

high discriminatory performance in predicting any complication (AUC, .86), a complication 

within 12 months (AUC, .91), need to perform a second surgical procedure (AUC, .88), 

and infection (AUC, .97). The authors concluded that ML can be utilized to improve 
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risk assessment, preoperative informed consent, and treatment planning for neurosurgery 

patients.34

Orthopedic Surgery

Kim et al35 leveraged the NSQIP database to develop an ML model to predict complications 

following posterior lumbar spine fusion. They developed an ANN model using 22,629 

patients to predict cardiac complications, wound complications, venous thromboembolism, 

and death. The ANN model achieved an AUC of .71 and outperformed benchmark 

ASA scores. Subsequently, Devana et al36 used data from 156,750 patients to develop 

an ensemble of ML models to predict complications after total knee arthroplasty. The 

models demonstrated good discriminative performance with an AUC of .68. The authors 

concluded that the ensemble was useful for pre-operative counseling, shared decision-

making, informed consent, and risk adjustment reimbursement programs and for managing 

postoperative expectations for both patients and surgeons.

General Surgery

Recently, our team developed ML models to predict outcomes of abdominal wall 

reconstruction.21 Using data from 725 patients, we developed an ensemble (using multiple 

ML algorithms to obtain better predictive performance) of 9 supervised ML models that 

used the majority rule to predict hernia recurrence, surgical site occurrences (SSOs), 

and readmissions within 30 days. The ML models achieved high predictive performance 

in identifying over a long follow-up period (mean, 3 years) complications such hernia 

recurrence (accuracy, 85%; AUC, .71) as well as short-term complications such as 

SSOs (accuracy, 72%; AUC, .75) and 30-day readmission (accuracy, 84%; AUC, .73). 

Furthermore, model analysis assisted in identifying factors associated with poor outcomes 

that were masked in traditional statistical approaches such as logistic regression. These 

factors included surgical techniques, prior abdominal surgeries, and wound contamination 

level. Using the same database, multivariable logistic regression identified five predictors 

of SSOs, whereas ML identified 12 predictors. The information provided by ML models 

can therefore optimize surgical planning, preoperative optimization, and shared decision-

making.

Risk Calculators

ML can produce updated risk assessments, enabling clinicians to assess in real time patients’ 

risk and whether their condition has been optimized for surgery. Currently, two validated 

ML-driven risk calculators have been developed to predict major surgical complications.

MySurgeryRisk was developed and validated using data from 51,457 patients who had 

undergone major inpatient surgery to predict eight major postoperative complications (acute 

kidney injury, sepsis, venous thromboembolism, admission to intensive care after 48 h, 

mechanical ventilation after 48 h, wound, and neurologic and cardiovascular complications) 

as well as death within 24 months following surgery.37 The model achieved an AUC ranging 

from .77 to .94. Subsequently, Brennan et al38 compared the My-SurgeryRisk calculator’s 

usability and accuracy with that of physicians’ clinical judgment. They found that My-

SurgeryRisk outperformed physicians’ initial risk assessments for almost all postoperative 
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complications. Additionally, the physicians’ risk assessments improved significantly after 

they interacted with the ML model.

Another group of investigators developed the Predictive opTimal Trees in Emergency 

Surgery (POTTER) risk calculator.39 The model was based on a decision tree ML algorithm 

developed using data from 382,960 patients in the NSQIP database. POTTER achieved high 

discriminatory performance in predicting morbidity (AUC, .84) and mortality (AUC, .92) 

and outperformed the ASA calculator, Emergency Surgery Score, and NSQIP risk calculator.

Limitations of AI Models

The power of AI prediction is dependent on the accuracy and comprehensiveness of the 

input data. Biases in clinical data collection can have an impact on the types of patterns 

AI recognizes and the predictions it makes.40 Additionally, most AI models were developed 

using registry-based data such as NSQIP, posing several inherent limitations such as duration 

of follow-up, limiting the predictive accuracy to only short-term outcomes. Furthermore, 

while AI can reveal subtle patterns and risk factors that are masked in traditional risk 

modeling, failing to adhere to best practices in model development can result in poor 

outcomes and lower model performance. Finally, most studies using AI in surgery have been 

observational.

Despite the limitations of AI, implementation and analysis of ML algorithms are critical 

to understanding the various variables that predict real-life surgical outcomes. However, 

there remain significant challenges and risks associated with implementing AI in surgery, 

such as reliability, transparency, accountability, liability, data privacy and security, efficacy, 

structural inequality, workforce substitution, and ethical concerns. Therefore, an integrated 

governance framework is required for the development, implementation, and adoption of AI 

in surgery.

Conclusion

AI-driven predictive models trained using readily available clinical data can predict 

surgical complications with variable rates of precision and have been steadily improving. 

By providing patient-specific risk assessment and guiding perioperative shared decision-

making, preoperative patient optimization, and surgical planning, these models can improve 

surgical outcomes.
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Figure 1. 
Linear vs nonlinear models. (A) Linear models assume that variables interact in a linear 

and additive manner and therefore over- or underestimate risks at the extreme ranges 

of variables. (B) Nonlinear models assume that the interaction of patient demographics, 

comorbidities, and surgical factors is far from linear and that certain variables gain or lose 

relevance as a function of the presence or absence of other variables, better representing the 

interaction of risk factors in real life.
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