
In silico toxicology: comprehensive benchmarking of multi-
label classification methods applied to chemical toxicity data

Item Type Article

Authors Raies, Arwa B.; Bajic, Vladimir B.

Citation Raies AB, Bajic VB (2017) In silico toxicology: comprehensive
benchmarking of multi-label classification methods applied
to chemical toxicity data. Wiley Interdisciplinary Reviews:
Computational Molecular Science: e1352. Available: http://
dx.doi.org/10.1002/wcms.1352.

Eprint version Publisher's Version/PDF

DOI 10.1002/wcms.1352

Publisher Wiley

Journal WIREs Computational Molecular Science

Rights This is an open access article under the terms of the Creative
Commons Attribution-NonCommercial License, which permits
use, distribution and reproduction in any medium, provided the
original work is properly cited and is not used for commercial
purposes.

Download date 18/05/2023 07:26:50

Item License http://creativecommons.org/licenses/by-nc/4.0/

Link to Item http://hdl.handle.net/10754/626320

http://dx.doi.org/10.1002/wcms.1352
http://creativecommons.org/licenses/by-nc/4.0/
http://hdl.handle.net/10754/626320


	  
 

In silico toxicology: comprehensive 
benchmarking of multi-label classification 
methods applied to chemical toxicity data 

 
 

Arwa Bin Raies, Vladimir B. Bajic* 
King Abdullah University of Science and Technology (KAUST), Computational 

Bioscience Research Centre (CBRC), Computer, Electrical and Mathematical Sciences 
and Engineering Division (CEMSE), Thuwal, Saudi Arabia 

 
 

Supplementary Figures 
	  

Table of Contents 
Supplementary Figure 1. Multi-label classification methods and base classifiers.	  ....	  2	  
Supplementary Figure 2. Feature selection approaches and the number of selected 
features.	  ......................................................................................................................	  3	  
Supplementary Figure 3. Ranked features of compounds with high, medium and 
poor predictability in (a) internal and (b) external validation.	  ..................................	  4	  
Supplementary Figure 4. Effect of feature selection on models performance in (a) 
internal and (b) external validation.	  ..........................................................................	  5	  

Supplementary Figure 5. Example of a hierarchy of toxicity endpoints.	  ...................	  6	  
 
  



Supplementary Figure 1. Multi-label classification methods 
and base classifiers. 

            a         b 

  

Columns correspond to the multi-label classification approach (part (a)) or the base 
classifier (part (b)). Each row corresponds to a model. Each cell indicates the method that 
was used to implement each model. A blue cell specifies the method was applied, while 
an empty cell specifies the method was not applied.  



Supplementary Figure 2. Feature selection approaches and the 
number of selected features. 

a b 

  
In part (a), the columns correspond to the feature selection method. Each row represents a 
model. Cells specify the method that was used to implement each model. A blue cell 
indicates that the method is applied, while an empty cell indicates that the method was 
not applied. In part (b), the length of the bar indicates the number of features.  A long bar 
indicates the models were trained using a large number of features while a short bar 
indicates the models were trained using a small number of features. 
 
SFS: supervised feature selection 
UFS: unsupervised feature selection 
LSFS: label-specific feature selection 
None: no feature selection method was applied  



Supplementary Figure 3. Ranked features of compounds with 
high, medium and poor predictability in (a) internal and (b) 
external validation. 

 

 
Part (a) represents the compounds used in the training set, while part (b) represents the 
compounds used in the testing set. The x-axis represents features, and the y-axis 
represents the percentage of features presence for compounds with high, medium and low 
predictability. The features are ranked using Chi-square statistics to determine features 
that can distinguish between compounds with high, medium and low predictability. Low 
ranked features (rightmost side) are present at similar frequencies in both sets of 
compounds, whereas high ranked features (leftmost side) are present with different 
frequencies in both sets of compounds.  
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Supplementary Figure 4. Effect of feature selection on models 
performance in (a) internal and (b) external validation. 

a b 

  
The figure illustrates the relationship between the number of selected features and models performance 
with respect to five performance metrics in internal (part (a)) and external (part (b)) validation. The x-
axis shows the number of features, and the y-axis shows the performance. The models in the upper left 
corners in each scatter plot achieved high performance using only a small number of features. Some 
models achieved similar performance although they were generated using different numbers of features. 
While there is no correlation between the number of selected features and models performance, some 
models achieve high performance using only a small subset of the features set. 



Supplementary Figure 5. Example of a hierarchy of toxicity 
endpoints. 

 
 


