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First, Liu and colleagues suggested 
we could use the survival tree-based 
method to find a cutpoint for splitting 
the data into high-risk and low-risk 
groups. However, our goal for dividing 
data into these two groups was to 
evaluate the performance of the risk 
score classifier, and not to identify 
the optimal cutoff point that would 
provide the highest hazard ratio (HR) 
for the training set. The same number 
of experimental units in high-risk and 
low-risk groups is preferred if low 
variance and good reproducibility are 
desirable. In our study, we selected 
the median risk score as cutoff point; 
the HR of the classifier in the training 
set was 6·78 (95% CI 3·17–14·49)
and the HRs for the three validation 
sets were 5·32 (95% CI 2·81–10·07; 
internal testing set), 5·39 (3·38–8·59; 
independent validation set), and 4·62 
(2·48–8·61; The Cancer Genome Atlas 
set). If we select the cutoff by the 
survival tree-based method, the HRs 
in the training set and three validation 
sets are 7·22 (95% CI 3·38–15·43), 
4·57 (2·50–8·36), 4·74 (3·06–7·36), 
and 4·26 (2·37–7·66), respectively. 
Compared with the survival tree-
based method, the HR in the training 
set is lower with our approach, but 
higher in the three validation sets; 
therefore, our six-single-nucleotide 
polymorphism-based classifier has 
better reproducibility in the three 
validation sets when we use the cutoff 
of median genetic risk score. The use 
of median or tertiles as a cutoff point 
to divide data into two or three groups 
is very common for testing model 
performance in clinical studies.1–3

Second, with few training data, the 
parameter estimates will have greater 
variance, whereas with few testing 

data, our performance statistic will 
have greater variance. Therefore, 
there are no clear advantages of using 
the suggested 70:30 ratio over our 
approach (50:50). Considering  the 
performance of our model, an even 
50:50 ratio for training versus testing 
sets is preferred, and this ratio is also 
very common in clinical studies1–4 
to divide data in a way that neither 
variance is too high. Some previous 
research has shown that the optimal 
splitting proportion is dependent 
on model complexities, which are 
associated with the probability of error 
on the training and testing sets.5
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