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VERSION 1 - REVIEW 

REVIEWER Elena Manilich 
Cleveland Clinic, US 

REVIEW RETURNED 29-Oct-2013 

 

GENERAL COMMENTS This is an interesting study that addresses an important topic of 
using electronic medical reports for research and, particularly, 
modeling survival data. Author should report follow-up period. Do all 
patients have at least 2 year follow-up? Also, authors should clearly 
state that 2 year follow-up may not be adequate to capture oncologic 
outcomes for cancer population. 

 

REVIEWER Alexandros Kalousis 
University of Applied Sciences, Western Switzerland 

REVIEW RETURNED 23-Jan-2014 

 

GENERAL COMMENTS I do not have much to comment on the paper. It is a relatively simple 
study that tries to establish the predictive performance of machine 
learning models build from an Electronic Administrative Record DB 
and a cancer registry. The learned models do not seem to bring a 
significant gain compared to the domain experts.  
 
One thing I liked was the comparison of the performance of the 
method that the authors present to that of domain experts.  
 
On the evaluation side the authors basically used hold-out testing to 
evaluate the predictive peformance of the learned model. The 
evaluation measure was that of AUC for which confidence intervals 
were obtained by resampling over the hold-out set. This is one 
limitation, since in that manner we do not measure the sensitivity of 
the predictive performance on the training set, since this is fixed.  
 
Since the goal was survival prediction, one question that I have is 
why the authors did not experiment with a survival analysis method 
and instead they preferred to cast the problem as a classification 
problem.  
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Moreover the authors that the machine learning models were used 
to predict survival probabilities. However a standard SVM does not 
output a probability, it simply outputs the sign of wx+b, over which 
the authors say they average. Some clarifications on that would be 
useful. There are variants of SVMs that output probabilities such as 
"Probabilistic outputs for support vector machines and comparison 
to regularized likelihood methods".  
 
The authors use elastic net to do feature selection, which they 
correctly tune using inner fold CV. And then on the reduced feature 
set they apply SVM. Why shift to SVM and not just use elastic-net 
through the end? What about the parameter tunning of SVM, namely 
the C parameter controlling the trade-off between model complexity 
and the error.  
 
I have a small problem with the motivation for the use of the 
ensemble, namely the variance reduction. However a linear SVM is 
not a high variance algorithm but rather a low variance one, it just 
learns simple linear functions. One part of their learning model that 
could introduce variance is the feature selection.  
 
It would be interesting to analyse the set of selected features to see 
what are the features that are systematically selected.  
 
The authors say that one advantage of their method is that it can be 
used to predict outcomes in rear cancers where other methods that 
develop cancer-type specific models fail due to the lack of training 
data. Nevertheless there is considerable work in machine learning, 
under the name of multi-task learning which addresses such 
settings. 

 

VERSION 1 – AUTHOR RESPONSE 

Reviewer 1 (R1) requested the follow-up period to be reported.  

 

Response: In study design (page 9), we added the following clarification: “The study completion date 

was October 31, 2012; therefore all patients had at least 2 year and 10 months follow-up.” On page 

15, we acknowledge that 2 or 3 years’ follow-up may not be adequate to capture all oncological 

outcomes, especially for those cancers with low mortality rate.  

 

Reviewer 2 (R2) pointed out the limitation of using a fixed validation cohort to evaluate predictive 

performance.  

 

Response: The use of a fixed validation cohort was driven by the need to compare machine learning 

predictions with clinicians’ predictions. It is impractical to ask clinicians to generate predictions for all 

963 patients in the whole cohort. As the reviewer correctly pointed out, the resampling does not 

measure the uncertainty of the derivation/validation division. It however allows us to compare 

machine predictions with clinicians’ predictions, and to compare the EAR features with the cancer 

registry features.  

When it came to the second analysis where we compared discriminative abilities of specialized 

cancer registry (ECO) with the routine data (EAR), we computed the confidence intervals of AUC by 

resampling the complete data of cohort-2 (400 random subsamples used). We clarify this point in the 

manuscript on page 12 (paragraph 1).  

 

R2 suggested survival analysis as alternative to casting the problem into a classification problem.  
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Response: In this study, the survival predictions made by domain experts were provided as point 

estimates for survival within different time periods. Although survival models are common in 

understanding risk factors, using survival models to generate point estimates faces some difficulties. 

In particular, the estimates depend on the loss function adopted (see for example [1]). We considered 

this to be an extra layer of complexity that will complicate the main objective of the study. This has 

been clarified in the manuscript (page 10, para 2).  

 

R2 asked for certain clarifications regarding the use of SVM.  

 

Response:  

1. For probability output of SVM, we have added clarification (page 11, para 1) that Platt’s a posteriori 

probabilities[2] were used.  

2. We used SVM instead of elastic net in classification because on our training data, SVM achieved 

higher prediction AUC.  

3. We have clarified that the soft margin parameter (C) of SVM was selected through cross-validation. 

(page 11, para 1)  

4. We agree with the reviewer that a linear SVM classifier usually has low variance. Therefore, it does 

not require ensemble averaging per se, however, since it is combined with a feature selection step 

using Elastic net, the overall process does have some degree of variability. L1-penalty based 

techniques are known to have this kind of variability especially when the covariates are correlated [3]. 

In this study, we did observe that using ensemble averaging improved the prediction stability. We 

have added clarification to this point on page 11.  

 

R2 suggested an analysis on the features that are systematically selected.  

 

Response: We have now added a paragraph to account for this point on page 14 (last paragraph) of 

the manuscript.  

 

R2 pointed out that multi-task learning as a tool to improve prediction on rare cancers.  

 

Response: We thank the reviewer for pointing out the multi-task learning and agree that multi-task 

learning is another way to tackle survival prediction for rare cancers. In fact, we have recently been 

working along this direction. However, for this study, we confined ourselves to the simpler model, 

which has the advantage of being easily understood by oncologists. We have added discussion on 

multi-task learning on page 17 (para 3). 
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