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Supplementary Material 

Figure S1:  We ran several experiments, some of them with baseline models such as 

KNN). Following the same experimental design (100 runs, 10-fold, hyperparameter 

tuning and same initial seeds) the results for our initial (using all the available features 

in the dataset) and final experiments are shown. 

 

Data pre-processing. We tested with a Shapiro-Wilk (widely recommended for 

normality test as it provides better power than others such as de Kolmogorov-Smirnos) 

if our results are normally distributed. From the output, W = 0.92335 (p-value < 2.2e-

16), implying that the distribution of the data is significantly different from the normal 

distribution. In other words, we can not assume the normality and we performed two 

different Wilcoxon tests, one for the initial experiments and the other with our final 

approach (feature selection). In both cases, we achieved significant p-values. Thus, 

according to the results in the initial condition we realized that RF is a good choice and 

it’s statistically better than baseline models. Following our experimental design using 

feature selection we observed that both baseline models and RF increase significantly 

its performance (we have noisy and irrelevant features that our filter feature selection 

detected and removed) and, even more, RF is again statistically better than baseline 
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models. Finally, we consider that internal model explanation is critical in our analysis so, 

in this case, RF is a good choice as we can extract an importance score for each one of 

the selected features. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


