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Review Comments: 
Comment 1: English language of the paper is poor. Please have the paper polished by English-speaking 
professionals. For example, line 56 “inadequate patients”, line 67 should be “were significantly 
associated with AL”. 
Reply 1: Thanks for your suggestions. The manuscript has been polished by English-speaking 
professionals. 
Changes in the text: We have changed our text as advised (see Page 3, line 55 and 66). Proof of 
English language editing has been added as an attachment.  
 
Comment 2: Abstract. Methods, please briefly introduce subjects, measures, and outcomes of this study 
by using PICOS criteria. The collection of major predictive factors is necessary here. Results, please 
specify the factors included in to the predictive model. 
Reply 2: Thanks for suggestion. We didn’t use PICOS criteria because we didn’t give any intervention. 
Instead, we wrote the article following TRIPOD checklist which is professional for prediction model 
development and validation study (see Page 6, line 104-105). A total of 20 variables were included and 
it’s prolix to elucidate them in abstract so we specified them in methods of text part.  
Changes in the text: We modified the methods to include the outcome of the study---“Patients 
diagnosed with AL within 6 months’ follow-up were recorded.” (see Page 3, line 58-59) We added the 
number of candidate factors in methods of abstract (see Page 3, line 59-60). All of 8 factors in the 
predictive model were elaborated in results--- “sex, distance of tumor from the anal verge, bowel 
stenosis or obstruction, preoperative hemoglobin, surgeon volume, diabetes, neoadjuvant 
chemoradiotherapy, and surgical approach” (see Page 3, line 64-66). 
 
Comment 3: Conclusion should be made with cautions due to potential sample selection bias and lack 
of external validation samples. 
Reply 3: Thanks for your advice. Just as explained in discussion, this was a retrospective study in a 
single center, which might have caused selection bias for patients and lacked external validation of 
other centers. We are now conducting a prospective multicenter study to further verify our model 
through website. (http://www.changhai-rc-al-prediction.org) 
Changes in the text: Potential sample selection bias was explained in Page 15, line 318. We have 
modified the lack of external validation samples in conclusion as advised (see Page 15, line 320-322). 
 
Comment 4: Introduction. Line 93-94, it would be helpful to briefly review existing knowledge on 
factors associated with AL, as well as predictive studies of AL. Line 94-95, please provide specific data 
to support “small sample sizes and inconsistent findings”. Importantly, why a predictive model is 
necessary should be specified. In the last paragraph, the authors should compare the limitations and 
strengths between traditional approaches of predictive model development and machine-learning based 
random forest. 
Reply 4:  

Thanks for your advice. We have mentioned existing knowledge on factors and studies associated 



 

 

with AL in discussion that Koyama M et al believed a temporary stoma could indirectly accelerate 
anastomotic healing, thus reducing the incidence of AL (1). Yun JA et al discovered that a temporary 
stoma could not reduce the incidence of AL (2). Shinji S identified that distance of tumor from the anal 
verge and sex are risk factors for AL.(3) Xiao C et al reported that anemia or massive blood loss during 
operation and nCRT were considered as predictors(4). Zhang W et al added that diabetes was related to 
AL (5). Various factors have been proved to be associated with AL.  

Just as explained in introduction that we aimed to analyze a large number of rectal cancer patients 
after AR to illustrate the risk factors of AL, and to create a random forest classifier to better predict the 
incidence of AL and give an advice on whether to do a temporary stoma. So we constructed the model.  

We have compared the limitations and strengths between traditional approaches of predictive 
model development and machine-learning based random forest. First of all, we reviewed widely used 
machine learning in introduction that the performance of the established models predicting the 
incidence of AL remains unsatisfactory, while random forest, a new and highly flexible machine 
learning algorithm, has wide application prospects, and has been demonstrated to have better 
performance in disease prediction.(6,7) To further emphasize the preciseness, we illustrated the 
mechanism of random forest in methods that the pre-processed data set was split into training set and 
validation set, grid-search cross validation technique and 5-fold cross validation were applied to 
prevent overfitting. Besides, the differences between 2 models were illuminated in discussion that the 
principle of the nomogram to predict AL is based on logistic regression that has limitations in the 
fitting of model creation, while machine learning based random forest can partly overcome the 
limitations of the regression models and has shown better predictive value than the traditional 
prediction model.  
Changes in the text: We have briefly introduced the current knowledge of anastomotic healing--- 
“According to the current knowledge, the healing of the anastomotic site depends on the tension and 
blood supply around the anastomotic site” (see Page 5, line 94-96). Some articles about the previous 
prediction studies or supporting “small sample sizes and inconsistent findings” have been cited (see 
Page 5, line 96). 
 
Comment 5: Methodology. The validation sample is small and validation sample from the same 
hospital can not guarantee the external validity of the predictive model developed by the authors. 
Please briefly describe how the patients were followed up in this part. For candidate predictors, the 
authors need to specify why these variables were selected. For predicting, surgeon-related factors are 
also important, such as the years of clinical services of treating physicians, and training experiences but 
the authors did not include such factors. 
Reply 5:  

Thanks for your suggestion. We admitted that the study lacked external validation of other centers 
which would be further validated in our following studies by adopting the website 
(http://www.changhai-rc-al-prediction.org) and we have modified the expression in the article. The 
overall incidence of AL was 6.2% in our center and the number of AL patients in test set was only 45. 
However, a total of 836 patients validating the model were a relatively large member as far as we know, 
because we are not only interested in patients with AL. We want to identify the patients with or without 
AL in a more precise way to avoid unnecessary ileostomy.  

AL was diagnosed via digital rectal examination (DRE), endoscopy, or imaging examination 
within 6 months. The follow-up was conducted via outpatient or telephone. Variables were selected as 



 

 

candidate predictors because of previous reports (8-11) and clinical experiences.  
According to the surgeon-related factors, we initially found the incidence of AL was associated 

with different surgeons. Since every surgeon in our center had had strict training program before 
operating independently, we focused on the changes of surgery volumes. A total of 8 surgeons were 
well-trained and surgery volumes are increasing year by year. Considering that the data spanning 10 
years, we classified surgeons by surgery volumes per year rather than surgeons themselves. It is 
concluded that low volume surgeons and doing a laparoscopic surgery in the surgeon’s first operating 
year are more likely to cause AL, which means that a learning curve were also exist even when 
surgeons were well-trained. In addition, we added Table S as the proof of different surgeons’ 
qualifications.  
Changes in the text: The reason of variable selection was explained at the end of Variables (see Page 8, 
line 147-148). A total of 8 surgeons were well-trained. Considering that the data spanning 10 years, we 
classified surgeons by surgery volumes per year rather than surgeons themselves. The qualifications of 
surgeons have been illustrated (see Page 7, line 144-145 and Table S). 
 
Comment 6: Statistics. Line 148-151, it remains unclear the objectives of these comparisons and the 
comparisons were made between which groups. I did not agree with PSM approach in this study. The 
focus of this part is to identify predictors, not risk factors. The authors should avoid to use the term 
“risk factors”. It is unnecessary to ascertain the role of temporary stoma. In this part, the primary aim is 
to identify predictors via univariate and multivariate analyses. To further illustrate the strengths of 
machine-learning based random forest over traditional logistic regression, In suggest the authors to also 
present the predictive model based on logistic regression. In addition to AUC, sensitivity and 
specificity of the new model should be also calculated and reported. A further question is the small 
sample size of validation sample, resulting only 45 patients with AL. This may result in unstable 
findings on the performance assessment of the new predictive model. I suggest the authors to include 
more sample for validation.  
Reply 6:  

The comparisons were made between patients with AL and without AL (Table 1). A temporary 
stoma is widely used in AR of lower RC. The role of temporary stoma remained controversial since 
some researchers believed stoma could lower the incidence of AL (1) while others didn’t think so (2). 
In addition, a temporary stoma could have great impact on patients such as ordinary inconvenience and 
second operation. We further verified the effect of stoma on AL by utilizing the data of our center so as 
to provide some clinical advice.  

This is a retrospective study, and PSM was adopted to balance selection bias so as to identify 
whether it could reduce the incidence of AL. Nomogram based on logistic regression was also 
constructed (Figure 3) to compare 2 models (Figure 2a,2b,2c; Figure 4a,4b), thus illustrate the strengths 
of machine-learning based random forest. 

We have mentioned in results that the sensitivity of training and validation set was 0.827 and 
0.818, respectively, and the specificity was 0.739 and 0.67, respectively. According to the data in the 
test set, the AUC was 0.87, while the sensitivity and specificity were 0.844 and 0.697, respectively. 

A total of 5220 patients were included to train the model and divided into training set and 
validation set by 5-fold cross validation. In addition, a total of 836 patients were included in the test set, 
which means our study were double validated, so the model is relatively rigorous. We admit that only 
45 patients with AL in test set are relatively small. Nevertheless, the aim of our study is identifying not 



 

 

only AL patients but also non-AL patients, thus avoid unnecessary ileostomy. And our sample size 
might be the biggest one among the current single center studies. Actually, the study lacked external 
validation of other centers and we are conducting a prospective study to further verify it by the website 
(http://www.changhai-rc-al-prediction.org) which can be seen in our following article. 
Changes in the text: We have changed some “risk factors” into “predictive factors” or “predictors” as 
suggested. 
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