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ABSTRACT 

Objective: To determine if a Super Learner (SL) machine learning approach could improve the 

predictive accuracy of the American College of Surgeons Risk Calculator (ACS-RC) for 

postoperative complications in patients undergoing colorectal surgery. 

Summary of Background Data: Machine learning (ML) has shown significant potential to 

advance medical fields, including surgical risk prediction. Current tools, like the ACS-RC which 

uses logistic regression and extreme gradient boosting, are standard but may be enhanced by 

more advanced ML ensembles. 

Methods: This retrospective study analyzed colorectal surgery cases from the 2018-2022 ACS 

National Surgical Quality Improvement Program (NSQIP) database. An SL model, which 

combines multiple ML algorithms, was developed to predict fourteen postoperative outcomes. Its 

performance was compared against traditional logistic regression (LOG) and extreme gradient 

boosting (XGB) models. Key performance metrics included discrimination (AUROC, AUPRC) 

and calibration (Brier score, Hosmer-Lemeshow test). 

Results: The SL model demonstrated superior performance across all predicted complications 

when compared to both LOG and XGB. It showed superior discrimination for severe outcomes, 
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achieving an AUROC greater than 0.94 for predicting mortality. The SL model was also more 

accurate in predicting infectious complications and length of stay, and its calibration metrics 

indicated a better overall fit and accuracy. 

Conclusions: The Super Learner model enhances the accuracy of postoperative risk prediction in 

colorectal surgery. Its superior performance suggests it is a promising tool for improving 

personalized patient counseling, aiding clinical decision-making, and optimizing resource 

allocation. 
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INTRODUCTION 

Machine learning (ML), subset of artificial intelligence (AI), empowers computers to learn from 

data and make accurate predictions or decisions without explicit programming or human input. 

By analyzing vast datasets, ML algorithms identify patterns and relationships, enabling them to 

adapt and improve their performance over time. This adaptability has shown promise in 

transforming various fields, particularly medicine
1
. 

ML algorithms identify subtle patterns and anomalies in medical imaging, aiding in diagnostics 

and prognostics, especially in oncology
2-5

. They contribute to risk assessment, disease staging, 

and treatment prediction, ultimately enhancing patient care
6, 7

. ML also plays a pivotal role in 

clinical decision support by integrating diverse patient data to improve risk stratification, 

diagnosis, and treatment recommendations
8, 9

. Additionally, ML-powered digital health 

interventions are transforming the management of chronic conditions like depression and stress
10, 

11
. Furthermore, wearable sensors equipped with ML algorithms enable continuous health 

monitoring, providing real-time feedback and early warnings for various health conditions
12

. 

Machine learning is advancing rapidly in surgery, with a notable application being the ability to 

predict postoperative complications in patients before their procedures
13-16

. This has proven 

particularly valuable in colorectal surgery: ML algorithms have demonstrated superior precision 

compared to traditional methods in predicting risks of complications such as ileus, anastomotic 

leak, surgical site infections, and readmission rates
17-22

. 

Given the rapid evolution of ML, with new models emerging daily, this article explores the 

potential of a new approach called Super Learner
23

. This study investigates its ability to enhance 
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the American College of Surgeons Risk Calculator (ACS-RC), based on an extreme gradient 

boosting (XGB)-ML algorithm, using a vast colorectal patient cohort from the American College 

of Surgeons National Surgical Quality Improvement Program (ACS-NSQIP) databases. 

METHODS 

Patients ‘selection 

This retrospective analysis followed the Strengthening the Reporting of Observational Studies in 

Epidemiology (STROBE) Statement guidelines for reporting observational studies
24

. 

ACS-NSQIP Participant Use Data Files (PUFs) were compiled from 2018 to 2022. Colorectal 

cases were identified using the Current Procedural Terminology (CPT) codes ranging from 

44005 to 46999: this encompassed a wide array of procedures performed on the intestine (44005-

44799), mesentery and Meckel's diverticulum (44800-44899), appendix (44900-44979), colon 

(45000-45999), and anus (46020-46999). All other codes were excluded. This refined dataset 

formed the basis for subsequent analysis and modeling efforts. 

Variables used to model the Super Learner 

The following patient characteristics, as reported according to the ACS-RC methodology and 

adhering to the ACS-NSQIP terminology, were used as risk predictors: age group, gender, 

functional status, emergent status, American Society of Anesthesiologists (ASA) class, steroid 

use, ascites, sepsis category, ventilator dependent, disseminated cancer, diabetes, hypertension, 

congestive heart failure, dyspnea, smoker, COPD, dialysis, acute renal failure, body mass index 

(BMI) group, and Planned Principal Operation (CPT Code). 

Outcomes predicted 

Copyright © 2025 Wolters Kluwer Health, Inc. All rights reserved. Unauthorized reproduction of the article is prohibited.

ACCEPTED



Fourteen outcomes were identified to model: thirteen binary 30-day outcomes (death, morbidity, 

serious morbidity, cardiac complication, pneumonia, venous thromboembolism, renal failure, 

urinary tract infection, surgical site infection, sepsis, return to the operating room, unplanned 

readmission, discharge to nursing or rehab facility) and one continuous outcome, length of stay 

(LOS). The SL model generates individual probability estimates (e.g., a value between 0 and 

100) for each predicted outcome, providing patient-specific risk scores directly applicable to 

preoperative counseling. Like the ACS-RC, each of these 14 outcomes in this SL model was 

implemented using its predictive model, built upon the most recent 5 years of historical data, as 

detailed in the patient selection process
25, 26

. 

The Super Learner 

Super Learner is an advanced ensemble learning method designed to optimize predictive 

accuracy by combining multiple machine learning algorithms. In recent years, there has been a 

growing stream of articles proposing SL applications for various prediction tasks, from mortality 

prediction
27

 and waste generation 
28

to predicting prison violence
29

 . By leveraging the strengths 

of multiple models, called base learners, the SL creates a highly accurate predictive algorithm, 

often outperforming individual techniques 
30, 31

. 

The base learners can be chosen from any machine learning algorithms, such as generalized 

additive models, random forests, or neural networks, and they can be selected based on their 

individual strengths and/or the specific characteristics of the dataset. This confers excellent 

flexibility to the procedures by allowing the use of several diverse ML techniques. Each 

algorithm is trained on the dataset, and their predictions are combined using a meta-learner, 

typically a non-negative least squared-based method, or another machine learning algorithm 

targeted to minimize some pre-specified performance metric
32

. 
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The meta-learner assigns weights to the predictions of the base learners based on their 

performance, thereby creating a more robust and accurate predictive model. This strategy allows 

the SL model to adapt to different data types and complex relationships within the dataset, 

providing superior predictive accuracy compared to single algorithm models. The flexibility and 

robustness of the SL model have made it particularly valuable in clinical settings, where it can be 

used to predict patient outcomes and complications and personalize treatment plans with greater 

precision, ultimately enhancing patient care and risk management
33-35

. 

Statistical analysis 

The predictive ability of the SL was assessed by comparing it to traditional logistic regression 

(LOG) and the extreme gradient boosting (XGB) used in the ACS-R. For the length of stay 

outcome, instead of the logistic regression the negative binomial regression (NBR) approach is 

used. 

The dataset was randomly split into 80% of the records for the train data and 20% for the test 

data. The performance evaluation metrics for the three approaches are based on results from the 

test set. 

Discrimination, namely the ability to reliably classify patients into those that will or will not 

experience the event, was evaluated using the area under the receiver operating characteristic 

curve (AUROC) and the area under the precision-recall curve (AUPRC) for the 13 binary 

outcomes. 

For both AUROC and AUPRC, higher values indicate better model performance. The mean 

squared error (MSE) was instead used to evaluate the accuracy of length of stay predictions; for 

this metric lower values reflects more accurate predictions. 
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For AUROC, AUPRC, and the MSE bootstrap, confidence intervals based on 5000 bootstrap 

samples are also reported. 

Calibration, which measures the accuracy of predicted risk across different predicted risk scores, 

was evaluated using the Hosmer-Lemeshow (HL) test with 10 groups, while general accuracy 

using the Brier score 
36

 and the Log-Loss metric, also known as Cross-Entropy Loss.
37

 

HL is a general and well-known test calibration of predicted probabilities, higher p-values 

(conventionally greater than 0.05) indicates a better calibration. The Brier score and the Log-

Loss instead aim to assess the overall accuracy of the predictions. The Brier score is a 

calibration-sensitive metric which measures mean squared difference between predicted 

probabilities and actual outcomes. The Log-Loss is a likelihood-based metric that strongly 

penalizes incorrect predictions made with high confidence and can be used for ranking models 

on probabilistic performance. For both Brier score and Log-Loss lower values are to be 

preferred. 

Differences in performance between SL and XGB, as well as between SL and LOG, are assessed 

using the DeLong test 
38

 for AUROC and non-parametric bootstrap procedures for the remaining 

metrics. Specifically, 95% confidence intervals for the differences in performance metrics (SL vs 

XGB and SL vs LOG) are reported, along with one-tailed p-values testing the superiority of the 

SL approach over the other two methods. To control the false discovery rate, the Benjamini–

Yekutieli correction has been applied to the p-values.
39

 

Regression modeling for the LOG and XGB competitors closely resembles that used in the 

original RC calculator and that proposed by Liu et al. 
26

. 
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For the base learners of the SL, the following algorithms were selected: Bayesian Additive 

Regression Trees
40

, Gradient Tree Boosting
41

, Generalized Additive Models
42

, Multivariate 

Adaptive Regression Splines
43

, Faster Random Forest 
44

, Feed-Forward Neural Networks
45

 and 

Multivariate Adaptive Polynomial Spline Regression
46

. This set of learners has been carefully 

chosen to guarantee maximum accuracy and flexibility through parametric and non-parametric 

techniques. As for the meta learner algorithm, the Nelder-Mead method
47

 targeted at maximizing 

the AUROC has been adopted for dichotomous outcomes, while for the length of stay variables, 

the non-negative least squares method
48

 has been used. The SL parameter specification and XGB 

hyperparameters have been tuned with 10-fold cross-validation. All the analyses were performed 

using R version 4.3.0 
49

, while the SL has been implemented using the SuperLearner and sl3 

packages
50, 51

. 

RESULTS 

The baseline characteristics, used as predictors of the 667,444 patients included in the study are 

detailed in Supplementary Table 1, Supplemental Digital Content 1, 

http://links.lww.com/SLA/F544. These individual colorectal patient datasets were sourced from 

the PUF files from 2018-2022, further categorized by procedure location: anus (16,279), 

appendix (213,856), intestine (406,078), colon (30,784), mesentery and Meckel's diverticulum 

(447). Supplementary Figure 1, Supplemental Digital Content 1, 

http://links.lww.com/SLA/F544 presents a diagram outlining the patient selection process. The 

evaluation of the three approaches is based on their performance on the test set. 

Postoperative complication prediction analysis is presented in Tables 1 and 2. The SL model 

consistently outperformed both XGB and LOG across all complications. This superior 

performance was evident in both discriminative abilities, as measured by the Area Under the 
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Receiver Operating Characteristic curve (AUROC), and predictive power, as measured by the 

Area Under the Precision-Recall curve (AUPRC). 

Formal statistical testing confirmed that the SL model's improvements in AUROC and AUPRC 

were statistically significant for the majority of outcomes when compared to both XGB and LOG 

(Supplementary Table 2 and Supplementary Table 3, Supplemental Digital Content 1, 

http://links.lww.com/SLA/F544). 

The SL model was superior in predicting severe postoperative complications. For the outcome of 

death, the SL model achieved an Area Under the Receiver Operating Characteristic curve 

(AUROC) exceeding 0.94 and an Area Under the Precision-Recall curve (AUPRC) greater than 

0.38. The model also exhibited high AUROC values (0.88-0.91) for other severe complications, 

such as postoperative renal failure, cardiac complication, and unplanned return to the operating 

room. Furthermore, it performed well in predicting infectious complications like surgical site 

infection and sepsis, with AUROC values ranging from 0.78 to 0.83. 

While the SL model, along with XGB and LOG, faced challenges in predicting less frequent 

complications like urinary tract infection (AUROC 0.69) and deep vein thrombosis (AUROC 

0.76), it still maintained a slight advantage over the other models in terms of AUROC and 

AUPRC. This suggests the SL model's ability to integrate multiple learning algorithms may 

provide a more comprehensive and accurate patient risk assessment, even for less common 

postoperative events. These results underscore the potential of the SL approach as a valuable tool 

for predicting a wide range of postoperative complications, particularly for severe events where 

early identification and intervention are crucial. While SL’s performance varied across different 

complications, its consistent superiority over other established machine learning approaches 
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highlights its potential for enhancing patient care and risk stratification in the postoperative 

setting. 

The Hosmer-Lemeshow test results, shown in Supplementary Table 4, Supplemental Digital 

Content 1, http://links.lww.com/SLA/F544, assess the goodness of fit of the models. The SL 

model fits well with most binary outcomes, with high p-values (above 0.05) in many cases. 

However, some outcomes, such as Unplanned readmission, Surgical site infection, Urinary tract 

infection, and Death, showed poor fit (p < 0.05). 

These results are also corroborated by the calibration plots presented in Supplementary Figure 

2, Supplemental Digital Content 1, http://links.lww.com/SLA/F544, which consistently 

demonstrates that the SL data points lie closer to the diagonal compared to those from the XGB 

and the regression methods, indicating that SL achieves superior calibration performance. 

Supplementary Table 5, Supplemental Digital Content 1, http://links.lww.com/SLA/F544 

depicts the Brier score, which measures the accuracy of probabilistic predictions; the values are 

multiplied by 1000 to increase readability. Lower values are preferred since they point to better 

calibration and discrimination, namely a smaller distance between observed and predicted 

probabilities of the event. The results indicated that the SL model outperformed XGB and LOG, 

suggesting better predictive performance for all binary outcomes. 

To verify this, statistical comparisons were performed. These tests confirmed that the SL 

model’s improvement in the Brier score was significant across all thirteen outcomes 

(Supplementary Table 6, Supplemental Digital Content 1, http://links.lww.com/SLA/F544), 

while the improvement in Log-Loss was significant in most, but not all, comparisons 

(Supplementary Table 7, Supplemental Digital Content 1, http://links.lww.com/SLA/F544). 
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The performance metric for predicting length of stay is the mean squared error (MSE); the SL 

model showed the lowest value, indicating the highest accuracy among the three models 

(Supplementary Table 8, Supplemental Digital Content 1, http://links.lww.com/SLA/F544). 

Graphical representations of the ROC curves for the binary postoperative outcomes can be found 

in Figures 1 to 3, and Supplementary Figures 3 to 12, Supplemental Digital Content 1, 

http://links.lww.com/SLA/F544. 

 

DISCUSSION 

The SL model predicted the postoperative length of stay and a range of short-term postoperative 

outcomes with a high degree of accuracy. The SL model showed statistically significant 

improvements in predictive performance over the XGB and logistic regression models for all 

evaluated postoperative outcomes. 

Machine learning techniques like Super Learner offer a valuable tool for surgeons to enhance 

patient care by providing personalized risk assessments and predictions for surgical outcomes
14

. 

Such models can identify a spectrum of patient-specific factors that contribute to postoperative 

risk. 

The Super Learner model's ability to identify these modifiable risk factors empowers surgeons to 

implement targeted, evidence-based interventions that can meaningfully impact surgical 

outcomes. Unlike static risk factors, these modifiable elements allow for proactive risk reduction 

strategies, fostering patient engagement in their surgical preparation and potentially improving 

both short-term and long-term outcomes. 
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Several key modifiable risk factors can be addressed through this personalized approach. 

Smoking cessation, for instance, represents one of the most impactful modifiable risk factors 

identified by predictive models. Evidence shows that even short-term smoking cessation (as brief 

as 4-8 weeks preoperatively) can significantly reduce postoperative complications, including 

wound healing problems, respiratory complications, and cardiovascular events. The Super 

Learner model's capacity to identify high-risk smokers enables targeted counseling and 

pharmacological interventions to support cessation efforts
52

. 

Similarly, glycemic control in diabetic patients presents another critical opportunity for 

preoperative optimization. Poor glycemic control is clearly associated with increased rates of 

surgical site infections, delayed wound healing, and longer hospital stays. Patients identified as 

high-risk through predictive modeling can therefore benefit from intensified diabetes 

management, including endocrinology consultation and adherence to perioperative glucose 

protocols
53

. Furthermore, nutritional status and prehabilitation have emerged as increasingly 

important modifiable factors. Malnutrition, often identified through albumin levels and BMI, 

significantly impacts surgical outcomes. The Super Learner model can effectively identify 

patients who would benefit most from preoperative nutritional optimization, protein 

supplementation, or formal prehabilitation programs that combine exercise, nutrition, and 

psychological preparation
54

. 

Lastly, cardiac risk stratification and optimization represent a well-established area for 

preoperative intervention. Patients identified as high-risk for cardiac complications can benefit 

from cardiology consultation, medication optimization, and in some cases, cardiac intervention 

before surgery
55

. 
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This personalized approach to risk assessment and modification represents a paradigm shift from 

traditional "one-size-fits-all" preoperative preparation to individualized optimization strategies. 

By identifying which patients are most likely to benefit from specific interventions, the Super 

Learner model enables more efficient allocation of resources and more targeted patient 

counseling, ultimately enhancing the quality of perioperative care. 

The potential economic impact of implementing the SL model in colorectal surgery is a crucial 

aspect to consider. The SL model could significantly enhance resource allocation by providing 

accurate preoperative risk assessments. For instance, patients identified as high-risk could be 

prioritized for intensive care unit beds or closer postoperative monitoring. In contrast, lower-risk 

patients could be allocated to step-down units, earlier discharge, or same-day discharge
56-58

, 

optimizing bed utilization and potentially reducing overall healthcare costs
59

. 

Furthermore, the SL model's ability to predict specific complications like surgical site infections, 

sepsis, unplanned readmissions, and reoperations could enable targeted interventions
60

. By 

proactively identifying high-risk patients, the model may facilitate clinicians' early recognition 

and intervention of these complications, potentially leading to shorter hospital stays, fewer 

readmissions, and decreased healthcare utilization
61

. These reductions could translate into 

substantial cost savings for healthcare providers and payers. 

This study presents several limitations, primarily from its retrospective design and reliance on 

administrative data. While the dataset is extensive, it may not fully capture the nuances of 

individual patient risk factors or surgical details that could influence outcomes. Additionally, the 

models were developed and validated using data from a specific healthcare system, potentially 

limiting the generalizability of our findings to other settings. The timeframe of the dataset (2018-
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2022) may not fully reflect the most recent advancements in surgical techniques or patient care, 

potentially impacting the long-term predictive accuracy of the model. 

Notably, while the SL model demonstrated superior performance to other models, it's crucial to 

acknowledge that even the most advanced models are not infallible. Therefore, the predictions 

generated by this model should be viewed as a valuable tool to augment clinical judgment rather 

than a definitive replacement for it. 

CONCLUSION 

The SL model shows potential for enhancing the accuracy of postoperative risk prediction in 

colorectal surgery. Given its superior performance compared to existing models, we will 

integrate it into our clinical practice during routine preoperative visits. This integration will 

enable us to offer tailored strategies for minimizing postoperative complications, thereby 

enhancing personalized patient care. 

Looking ahead, we plan to automate this process by incorporating the algorithm into our 

electronic chart review program. This automation will allow for the automatic assessment of 

colorectal patient data and the generation of personalized risk profiles, further improving our 

preoperative risk assessment capabilities and optimizing resource allocation. 

Subsequently, the next step will be to analyze surgeons' strategies based on these personalized 

risk profiles. This analysis will inform the development of an additional machine learning 

module that can automatically suggest optimal strategies for each patient, supporting surgeons in 

their decision-making process. 
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We remain committed to monitoring the real-world impact of the SL model in our clinical 

setting. Findings from this ongoing evaluation will be published, contributing to the broader 

knowledge base and aiming to improve preoperative risk assessment in colorectal surgery. 

Looking further ahead, once we have thoroughly assessed and refined its application in 

colorectal surgery, we plan to extend SL model implementation to all surgical specialties at an 

institutional level. This expansion represents our commitment to leveraging advanced predictive 

modeling across the full spectrum of surgical care. 
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Figure 1: SL: Super Learner, LOG: Logistic Regression, XGB: XGBoost 

 

  

Copyright © 2025 Wolters Kluwer Health, Inc. All rights reserved. Unauthorized reproduction of the article is prohibited.

ACCEPTED



 

Figure 2: SL: Super Learner, LOG: Logistic Regression, XGB: XGBoost 
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Figure 3: SL: Super Learner, LOG: Logistic Regression, XGB: XGBoost 
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Table 1: Area Under the Receiver Operating Characteristic Curve (AUROC) values for 

postoperative complications 

 SL XGB LOG 

 Value CI Value CI Value CI 

Pneumonia 0.928 (0.899, 0.951) 0.913 (0.882, 0.938) 0.927 (0.902, 0.949) 

Unplanned 

readmission 
0.68 (0.669, 0.691) 0.668 (0.657, 0.68) 0.644 (0.633, 0.656) 

Venous 

thromboembolism 
0.759 (0.732, 0.786) 0.721 (0.692, 0.749) 0.743 (0.711, 0.774) 

Surgical site 

infection 
0.712 (0.694, 0.731) 0.702 (0.683, 0.72) 0.645 (0.625, 0.666) 

Cardiac complication 0.88 (0.853, 0.906) 0.86 (0.834, 0.887) 0.867 (0.838, 0.895) 

Urinary tract 

infection 
0.693 (0.669, 0.716) 0.681 (0.657, 0.706) 0.661 (0.636, 0.686) 

Return to  

operating room 
0.714 (0.699, 0.729) 0.695 (0.68, 0.71) 0.675 (0.659, 0.692) 

Death 0.947 (0.939, 0.954) 0.942 (0.933, 0.95) 0.934 (0.925, 0.943) 

Renal failure 0.884 (0.85, 0.913) 0.859 (0.823, 0.89) 0.869 (0.832, 0.902) 

Sepsis 0.832 (0.819, 0.844) 0.826 (0.814, 0.839) 0.681 (0.667, 0.695) 

Serious morbidity 0.781 (0.772, 0.788) 0.777 (0.769, 0.785) 0.697 (0.688, 0.707) 

Morbidity 0.771 (0.763, 0.779) 0.768 (0.76, 0.776) 0.689 (0.68, 0.698) 

Discharge to nursing 

or rehab facility 
0.901 (0.894, 0.908) 0.9 (0.892, 0.907) 0.876 (0.868, 0.884) 

 

SL: Super Learner, XGB: XGBoost, LOG: logistic regression, Value: AUROC value, CI: lower 

and upper bounds it of 95% Confidence Interval for AUROC. For AUROC higher values 

indicate better model performance. 
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Table 2: Area Under the Precision-Recall Curve (AUPRC) for postoperative complications 

 SL XGB LOG 

 Value CI Value CI Value CI 

Pneumonia 0.095 (0.063, 0.14) 0.067 (0.046, 0.099) 0.083 (0.056, 0.129) 

Unplanned 

readmission 

0.145 (0.136, 0.155) 0.143 (0.133, 0.153) 0.126 (0.118, 0.135) 

Venous 

thromboembolism 

0.024 (0.019, 0.033) 0.021 (0.016, 0.03) 0.022 (0.018, 0.028) 

Surgical site 

infection 

0.059 (0.052, 0.069) 0.056 (0.049, 0.065) 0.044 (0.039, 0.049) 

Cardiac complication 0.056 (0.037, 0.094) 0.043 (0.028, 0.073) 0.049 (0.032, 0.08) 

Urinary tract 

infection 

0.027 (0.023, 0.032) 0.028 (0.023, 0.033) 0.024 (0.021, 0.029) 

Return to  

operating room 

0.079 (0.07, 0.091) 0.072 (0.064, 0.082) 0.068 (0.061, 0.077) 

Death 0.383 (0.341, 0.426) 0.355 (0.315, 0.399) 0.323 (0.284, 0.365) 

Renal failure 0.07 (0.046, 0.113) 0.054 (0.034, 0.086) 0.06 (0.039, 0.096) 

Sepsis 0.262 (0.24, 0.286) 0.252 (0.231, 0.276) 0.09 (0.083, 0.098) 

Serious morbidity 0.412 (0.396, 0.43) 0.402 (0.386, 0.419) 0.308 (0.293, 0.324) 

Morbidity 0.449 (0.433, 0.465) 0.442 (0.426, 0.458) 0.356 (0.341, 0.371) 

Discharge to nursing 

or rehab facility 

0.443 (0.417, 0.469) 0.428 (0.403, 0.455) 0.381 (0.356, 0.407) 

 

SL: Super Learner, XGB: XGBoost, LOG: logistic regression, Value: AUPRC value, CI: lower 

and upper bounds it of 95% Confidence Interval for AUPRC.  For AUPRC, higher values 

indicate better model performance. 

 

 

Copyright © 2025 Wolters Kluwer Health, Inc. All rights reserved. Unauthorized reproduction of the article is prohibited.

ACCEPTED


