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Supplementary Figure 1 

 

The median AUC scores and standard deviation of 10-fold cross-validation obtained by random forest 

classification. The predictive scores for different feature types, ECFP (1024-bit length), ECFP (2048-bit 

length), RDKit fingerprints, molecular descriptors and combination of ECFPs with molecular descriptors, 

are shown. The feature combination with the highest AUC score for each descriptor type is shown in bold. 
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In cases where two feature combinations achieved the same AUC score, the combination that had the 

smallest standard deviation was used. The columns of the figure, var_100, var_95 and var_90 represent the 

variance thresholds, while the rows show the feature type and percentage of features used for the calculation 

of the AUC score. The variance thresholds var_95 and var_90 in combination with high mutual information 

thresholds significantly reduced the number of available features in the ECFP models, thereby, lowering 

the model’s predictive ability.   

 

Supplementary Table 1 

Model 

Number of Selected 

Features 

Cross-Validation 

(AUC ± stdev) Test Set (AUC) 

ECFP_1024 55 0.794 ± 0.048 0.793 

ECFP_2048 504 0.789 ± 0.042 0.776 

RDKit5 654 0.836  ± 0.053 0.777 

MD 69 0.823  ± 0.041 0.815 

ECFP_1024_MD 33 0.828  ± 0.040 0.806 

 

Performances on 10-fold cross-validation and the test set achieved by each descriptor type; ECFP (1024-

bit length), ECFP (2048-bit length), RDKit fingerprints (2048-bit length), molecular descriptors and the 

combination of ECFP (1024-bit length) with molecular descriptors. The optimal number of features 

selected by applying variance and mutual information-based methods is reported. 
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Supplementary Table 2 

Database name Feature description Number of features 

ECFP_1024 

ECFP of 1,024-bit length generated in the 

Python RDKit environment 

1,024 

ECFP_2048 

ECFP of 2,048-bit length generated in the 

Python RDKit environment 

2,048 

RDKit5 

RDKit topological fingerprints with a 

maximum path length of 5 bonds 

generated in the Python RDKit 

environment 

2,048 

MD 

2D and 3D molecular descriptors 

calculated in MOE™ 

354 

ECFP_1024_MD 

Combination of “ECFP_1024” and “MD” 

descriptors 

1,378 

 

Description of feature types explored in this study. 
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Supplementary Figure 2 

 

Overview of the modelling process for feature selection and model evaluation. This procedure was followed 

for each feature type (ECFP_1024, ECFP_2048, RDKit5, MD and ECFP_1028_MD). The figure was 

generated in ChemDraw™.  

 

(1) The database was split into 80% 
training and 20% test set.

All Data

Train Test

Var_100 Var_95 Var_90

(2) Feature selection was performed only on the 
training set. The first step was removing the low-
variance features.

100%

AMI AMI AMI

(3) The features were ranked based on 
their Adjusted Mutual Information (AMI) 
score.

5% 10% … 100%5% 10% … 100%5% 10% …

Feature combination with 
highest median AUC score

Random Forest

Random Forest

(4) A total of 18 sub-databases 
were created that consisted of 
5%, 10%, 25%, 50%, 75% and 
100% of the features with the 
highest AMI score for each of 
Var_100, Var_95 and Var_90.

(6) The performance of the model was 
evaluated by predicting the class of the test 
set using the feature combination that 
achieved the highest median AUC score in 
the cross-validation step.

(5) Each of the 18 sub-databases 
was run using the random forest 
algorithm with 10-fold cross-
validation. The median AUC 
score was reported.

Evaluation of the 
model’s  performance


