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Hybridizing Feature Selection and 
Feature Learning Approaches in 
QSAR Modeling for Drug Discovery
Ignacio Ponzoni1, Víctor Sebastián-Pérez2, Carlos Requena-Triguero2, Carlos Roca2, María J. 
Martínez1, Fiorella Cravero3, Mónica F. Díaz3, Juan A. Páez4, Ramón Gómez Arrayás5,6, Javier 
Adrio5,6 & Nuria E. Campillo2

Quantitative structure–activity relationship modeling using machine learning techniques constitutes 
a complex computational problem, where the identification of the most informative molecular 
descriptors for predicting a specific target property plays a critical role. Two main general approaches 
can be used for this modeling procedure: feature selection and feature learning. In this paper, a 
performance comparative study of two state-of-art methods related to these two approaches is carried 
out. In particular, regression and classification models for three different issues are inferred using 
both methods under different experimental scenarios: two drug-like properties, such as blood-brain-
barrier and human intestinal absorption, and enantiomeric excess, as a measurement of purity used for 
chiral substances. Beyond the contrastive analysis of feature selection and feature learning methods 
as competitive approaches, the hybridization of these strategies is also evaluated based on previous 
results obtained in material sciences. From the experimental results, it can be concluded that there is 
not a clear winner between both approaches because the performance depends on the characteristics 
of the compound databases used for modeling. Nevertheless, in several cases, it was observed that the 
accuracy of the models can be improved by combining both approaches when the molecular descriptor 
sets provided by feature selection and feature learning contain complementary information.

Quantitative structure–activity/property relationship (QSAR/QSPR) models characterize the associations among 
molecular descriptors that represent information related to the structure of chemical compounds and a target 
physicochemical or biological property under study. These models play a central role in drug identification or 
optimization of drugs because they allow a preliminary in silico evaluation of crucial properties related to the 
activity, selectivity, and toxicity of candidate molecules1–3. In this way, important savings in terms of money and 
time can be achieving during the drug discovery projects and therefore be more efficient4.

QSAR models can be defined as regression or classification models by means of using different computa-
tional strategies, as statistical methods or artificial intelligence approaches among others. In particular, machine 
learning methods (such as artificial neural networks) had become extensively used in this field during the last 
decades5–7. Several computational issues must be addressed when QSAR models are inferred by machine learning 
methods. One of these problems is deciding which molecular descriptors should be used for defining a particular 
QSAR model. This decision depends on the structural information captured per each molecular descriptor and 
the characteristics of the target property. In this context, there are two main approaches for dealing with this task: 
feature selection and feature learning methods.

Feature selection strategies obtain a reduced set of molecular descriptors from a high quantity of them, pre-
viously calculated by using computational tools (like Dragon8 or Padel9). In other words, these methods solve 
a combinatorial optimization problem, where alternative subsets of molecular descriptors are selected and 
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evaluated in order to identify a group of descriptors well-correlated with a target property. Several studies have 
demonstrated the benefits of using feature selection in drug design10. Nevertheless, most of these approaches 
require high computational effort for evaluating alternative combinations of molecular descriptors. For example, 
Dragon allows to compute thousands of different descriptors, but the number of variables needed for obtaining 
an accurate QSAR model is usually very low. Therefore, the number of combinations of descriptor subsets to be 
explored by feature selection methods is commonly huge.

In contrast, feature learning methods avoid the use of a combinatorial exploration procedure. These 
approaches extract a reduced number of new features directly calculated from the chemical structure of the com-
pounds, without using traditional molecular descriptors calculated by software tools. After the extraction, QSAR 
models can be directly inferred from these learned features. In this way, no procedure for selecting descriptors 
is required by these strategies. Nevertheless, even when these methods run with low computing times, they are 
mostly constrained to the extraction of 2D molecular features of the compounds. Another important issue is 
related to the chemical interpretability of QSAR models because extracted variables obtained by some feature 
learning strategies (like principal component analysis) are hard to understand in molecular terms.

Taking into account the advantages and limitations of feature selection and feature learning approaches, an 
experimental study for contrasting both strategies in the inference of regression and classification QSAR models 
may result enlightening for the virtual screening practitioners. This constitutes the primary goal of this work: 
to evaluate both methodologies under different experimental scenarios using two state-or-art software tools 
(DELPHOS11 and CODES-TSAR12) as paradigms of these main approaches. DELPHOS is based on the feature 
selection method for QSAR modeling developed by Soto et al.13. The method splits the feature selection task into 
two sequential phases as a strategy for maintaining a reasonable computational effort without losing accuracy on 
the final QSAR models. DELPHOS has successfully been used in QSAR modeling applied to different applica-
tion domains, such as virtual screening of drugs13, environmental sciences14, and material sciences15, 16. On the 
other hand, CODES-TSAR is a state-of-art feature learning method specifically designed for QSAR modeling. It 
creates a numerical definition capable of capturing the whole molecule representation. The descriptors generated 
by CODES do not refer to any specific feature; then they can be used to perform the prediction of any desirable 
property. The method is based on neural computing, and it enables the easy generation of the required numeri-
cal descriptors of the structures involved in the study with the only knowledge of their SMILES code (i.e., their 
chemical structure) by applying a dimensionality reduction method based on artificial neural networks. CODES 
does not need 3D information since the topological space and its later conversion to a neural space only need 
details about points and their relationships; which is the chemical structure in itself. CODES-TSAR manages to 
identify non-linear relationships in the regression models and it is successfully used for inferring QSAR models 
in different drug design problems17–19.

However, these methods should not only be considered as alternative approaches (mutually excluding strat-
egies); instead, it is also interesting to assess potential benefits obtained from a combination of them. In this 
respect, there is a recent antecedent where QSAR models generated from molecular descriptors suggested by 
both methods achieved a higher precision than QSAR models inferred by DELPHOS and CODES-TSAR alone16. 
In that work, QSAR models for predicting a mechanical property of polymeric materials were reported. It was 
observed that the sets of descriptors obtained by both techniques provide complementary and relevant informa-
tion for the inference of the target property. Therefore, a secondary aim of this work is to assess if the descriptors 
provided by these competing methodologies have a complementary nature that can help to achieve more accurate 
QSAR models in the context of virtual screening of drugs.

Keeping the above in mind, we propose to study the combination of both approaches to generate QSAR mod-
els for three different physicochemical issues: blood-brain-barrier (BBB), oral absorption determined as human 
intestinal absorption (HIA) and enantiomeric excess (EE). In each case, several machine learning approaches 
were tested for inferring QSAR models (regression and classification models) from the molecular descriptors 
obtained by DELPHOS and CODES-TSAR. The most accurate QSAR models obtained from these experiments 
have been analyzed, from a mathematical and chemical perspective, in order to contrast the strengths and weak-
nesses of both approaches.

Results
In this section, several QSAR models inferred by feature selection and feature learning for different physicochem-
ical properties are described. Figure 1 presents a scheme of the experiments design. Three databases are used in 
the experiments: blood-brain-barrier (BBB), human intestinal absorption (HIA) and enantiomeric excess (EE). 
For each dataset, molecular descriptors are computed following two different approaches: feature selection and 
feature learning. In the first case, DRAGON software was executed over the dataset, excluding the calculation 
of 3D molecular descriptors. We decided to compute only 0D, 1D, and 2D descriptors in order to achieve a fair 
comparison between both approaches since CODES-TSAR does not capture 3D molecular features. From the 
set of descriptors returned by DRAGON, feature selection step is executed by DELPHOS tool. In the second 
case, CODES tool processes each molecule structure contained in the dataset codifying a dynamic matrix. This 
matrix is the input used by the TSAR software, which finally computes the molecular descriptors (MD) for each 
compound. In this way, different subsets of descriptors are obtained using DRAGON with DELPHOS (D − D MD 
Sets) and CODES with TSAR (C − T MD Sets). Combined subsets, which integrate the features computed by both 
methods, are also defined (Both MD Sets). After that, regression and classification QSAR models are inferred from 
these molecular descriptor subsets.

The discretization thresholds of target property values used for defining classes (for classification models) 
are detailed in the Material and Methods section. The models are computed by WEKA20 using alternative infer-
ence methods: Linear Regression (LR), Decision Trees (DT), Neural Networks (NN), Random Forest (RF) and 
Random Committee (RC). We decided to test with several methods for inferring the QSAR models because 
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recent studies have shown that there does not exist a more advisable strategy for inferring the QSAR from the 
subsets of descriptors21. For each inference method, the parameter settings provided by default for WEKA were 
used in the experiments. Regarding the performance assessment, several metrics were computed using WEKA. 
For regression models, the correlation coefficient (CC), relative absolute error (RAE) and root relative square 
error (RRSE) are reported. For classification models, the percentage of cases correctly classified (%CC), average 
Receiver Operating Characteristic (ROC) area and confusion matrix (CM), together with the relative absolute 
error (RAE) and root relative square error (RRSE), are informed. Finally, different QSAR models were inferred 

Figure 1.  Scheme of the in silico experiments reported for the prediction of blood-brain-barrier (BBB), human 
intestinal absorption (HIA) and enantiomeric excess (EE).
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varying the splitting rates used for defining the training and testing set sizes (50/50, 66/34, 75/25). In all cases, the 
stratified sampling provided per default by WEKA was used.

In Table 1, a summary of the best QSAR models obtained in these experiments is reported. For each dataset, 
performance metrics (CC, %CC, ROC), training conditions (sampling sizes and QSAR learning method) and 
the strategy used for obtaining the molecular descriptor subset (D + D, C − T, Both) are indicated for the best 
regression and classification model inferred during the experiments. A detailed analysis of these QSAR models is 
presented in the next Subsections.

QSAR models for blood-brain-barrier (BBB).  Data set.  Regarding prediction of blood-brain barrier 
permeation, we have used a dataset with 108 compounds with known logBB values, previously published by our 
group17.

Drug-like properties calculation and similarity assessment.  An important step in QSAR/QSPR studies is to have 
a structural diversity set of compounds in order to have a representative structural diversity space. In addition, 
we have wanted to have the datasets characterize from a drug-like point of view. Thus, we use two different 
approaches to analyse the diversity of our datasets, from a structural and drug-like point of view.

Considering that CODES encodes a structure from the chemical structure of the molecule based on the atom 
nature, the number of atom bonds and the connectivity with the rest of the molecule, we have used these descrip-
tors as measure of structural diversity. The similarity analysis for every dataset was performed using Pearson 
Similarity index. The correlations were transformed and rescaled to a 0–1 range obtaining diverse datasets. The 
similarity indexes for the BBB dataset (Supplementary Table S1) were ordered increasingly from 0 to 1. As it can 
be observed, the compounds in the dataset present a wide range of structural diversity.

Regarding the drug-like characterization, the data set was treated with Qikprop22, calculating their physico-
chemical and drug-like properties. The most representative descriptors obtained have been analyzed and plotted 
to show the drug-like characterization (Fig. 2). Here, we found that molecular weight values have a range between 
16 and 455 Da, while logBBB values go from −2.51 to 5.85. These wide ranges of values include compounds that 
are totally able to cross the BBB and compounds unable to enter in the CNS. Hydrogen bond donors and accep-
tors have also a wide range of values; the former is between 0 and 14, while the latter presents a range between 0 
and 11. Molecules in this dataset have from 0 rotatable bonds to 14.

An additional important feature to analyze in a dataset is the number of compounds that are within the limits 
of significant drug-like properties. Thus, the Lipinski’s criteria, generally referred to as the “rule of 5”, has been 
used for the evaluation of these properties, finding that only a 7.41% of the compounds violate one or more 
Lipinski’s rules23. Furthermore, the stars parameter is a Qikprop index directly related with drug-like properties 
and indicates the number of property or descriptor values that fall outside the 95% range of similar values for 
known drugs. As we can observe in Fig. 2, most of the compounds included in the dataset present a star index 
below 5, which constitutes a value recommended for drug-like compounds. Therefore, it is possible to affirm that 
the BBB dataset is a diverse collection of compounds from a physicochemical and drug-like property point of 
view that can be further used in the predictive models.

Molecular Descriptor Subsets selection and QSAR models inference.  The experiments were designed following 
the procedure described in Fig. 1. It is important to mention that DELPHOS infers multiple alternative selec-
tions of molecular descriptors for defining a QSAR model. In this case, twenty-five putative subsets have been 
computed. From them, we decided to pick the two subsets with the lowest RAE values reported by DELPHOS, 
which correspond to M2BBB and M13BBB subsets. Therefore, for the BBB dataset, five alternative subsets of molec-
ular descriptors were used for the experiments: one subset obtained from CODES-TSAR (CTBBB), two subsets 
selected by DRAGON/DELPHOS (M2BBB and M13BBB) and the union of M2BBB and M13BBB subsets with CTBBB 
(M2BBB ∪ CTBBB and M13BBB ∪ CTBBB). Table 2 summarizes the characteristics of these subsets.

Using these descriptor subsets, several regression and classification QSAR models were inferred applying 
different machine learning approaches. The accuracy metric values achieved per each QSAR model are reported 
in Supplementary Table S2 and all CSV files used for running the BBB experiments in WEKA are made available 
as Supplementary Zipped File 1. The regression and classification QSAR models with better performance were 
obtained using the M13BBB subset selected by DELPHOS. In particular, the best classification model obtained 
from the M13BBB subset achieves an accuracy of 86.49%. For the BBB classification experiments, three classes 
were defined: molecules which cross the BBB, molecules which do not cross the BBB and a gray area that repre-
sents uncertainty (see discretization thresholds in Materials and Methods section). From the confusion matrix, 
we can observe that this QSAR model has a high precision for compounds which cross the blood-brain-barrier 

Dataset

Best Regression QSAR Model Best Classification QSAR Model

CC

% Training 
Sampling 
Size

Mol. D. 
Subset

Learning 
Method %CC ROC

% Training 
Sampling 
Size

Mol. D. 
Subset

Learning 
Method

BBB 0.76 66% D + D R. Committee 86.49% 0.720 66% D + D N. Networks

HIA 0.75 75% Both N. Networks 86.96% 0.865 66% D + D R. Forest

EE 0.69 75% C − T R. Forest 81.43% 0.678 75% C − T R. Forest

Table 1.  Metrics of the best QSAR models for each dataset.
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(85.71%) and compounds which do not cross the blood-brain-barrier (100%). Nonetheless, the classifier accuracy 
decreases for compounds in the gray zone. The performance falloff for this intermediate class can be related to the 
class imbalance in the testing set, because only 10.81% of samples corresponds to molecules in the gray zone. This 
fact can also explain the moderate value of the average ROC area (0.72).

Some of the descriptors found in M13BBB are related to the constitutional indices, such as average molec-
ular weight (AMW) or a number of rotatable bonds (RBN). These constitutional indices, also known as 
0D-descriptors, are obtained from the chemical formula, as they do not consider the tridimensional structure 
of the ligands. Another important family of descriptors found was the 2D autocorrelation. Moreover, two out of 
three descriptors in this family are in relation with the Moran coefficient (MATS4P, MATS5e) regarding polariz-
ability and Sanderson electronegativity, respectively. The other descriptor of this family involved in the model is 
JGI7, and it is related to the topological charge. Finally, two more descriptors are present in the model, EEig12 d 
and Hy, which are part of edge adjacency indices and molecular properties families, respectively. The former is in 
relation with dipole moments, while the latter has a direct relation with the hydrophobicity of the molecules. In 
summary, in physicochemical terms, some of these descriptors are in direct relation with well-known properties 
of molecules that allow or prevent the compounds to pass the blood brain barrier, such as molecular weight or 
logP. It has been extensively probed that compounds with higher logP values are more likely to pass the BBB, 
while compounds with low logP values have difficulties to cross the barrier. In a similar way, compounds that 
show very high molecular weight usually are not likely to cross the blood brain barrier. Also, parameters like 

Figure 2.  Physicochemical and structural representation of the BBB dataset. (A) Dispersion of compounds 
regarding rotatable bonds and hydrogen bond donors. Colors are defined by stars, a parameter related to 
physical-chemical properties of commercially available drugs. (B) Dispersion of the dataset taking into account 
molecular weight theoretical value of blood barrier permeability. The color is defined by the parameter stars. (C) 
Structural diversity represented as a 3D dispersion of compounds regarding CODES descriptors.

Subset Name Method Size Molecular descriptor names

CTBBB CODES-TSAR 3 CODES-T1, CODES-T2, CODES-T3

M2BBB D/DELPHOS 3 nR06, SIC1, CIC5

M13BBB D/DELPHOS 7 AMW, RBN, MATS5e, MATS4p, EEig12d, JGI7, Hy

M2BBB ∪ CTBBB Combined 6 nR06, SIC1, CIC5, CODES-T1, CODES-T2, CODES-T3

M13BBB ∪ CTBBB Combined 10 AMW, RBN, MATS5e, MATS4p, EEig12d, JGI7, Hy, 
CODES-T1, CODES-T2, CODES-T3

Table 2.  Molecular descriptors subsets used for inferring the blood-brain-barrier QSAR models.
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polarizability, Sanderson electronegativity, dipole moments and topological charge are in relation with hydropho-
bicity and charge distribution of the molecules, thus affecting their capacity to cross the BBB.

Likewise, we analyzed the relationship among the descriptors in statistical terms by using VIDEAN24, which 
is a visual analytics tool for the study of molecular descriptor subsets. The analysis of the correlation between the 
seven descriptors that conform the model M13BBB is presented in Fig. 3. Spearman Correlation-based was used, 
but it possible to choose other two correlation modes. In all cases, the goal was to identify models with low corre-
lation among descriptors that means low redundant information. This can be observed by light tones of different 
colors depending on the mode. Figure 3 shows the relationships (edges) among the seven descriptors (nodes), and 
there can be seen links with light tones of orange and blue, demonstrating the low data redundancy in this model 
(see both scales (+) and (−)).

In summary, we can assert that for the BBB dataset the best QSAR models obtained by DELPHOS achieve a 
reasonable prediction accuracy. In this regard, the molecular descriptors chosen by the feature selection method 
are clearly related with the logBBB in physicochemical terms and they contain low redundancy levels. From the 
complete set of experiments reported on the Supplementary Table S2, we computed confidence intervals in order 
to determine if there are differences with statistical significance in the performance of both approaches. The 
results reveal that DRAGON/DELPHOS approach outperforms CODES-TSAR with statistical significance in 
both QSAR modeling strategies, regression and classification, for this dataset.

QSAR models for human intestinal absorption (HIA).  Dataset.  Regarding prediction of human 
intestinal absorption, we have used a dataset with 202 compounds with known HIA values previously published 
by our group19.

Drug-like properties calculation and similarity assessment.  The similarity indices for HIA dataset using 
CODES-TSAR descriptors are shown in Supplementary Table S3. Therefore, in a similar way of that of 
the previous dataset, it can be observed that the compounds in the dataset present a wide range of diversity. 
Physicochemical properties of this dataset were calculated using Qikprop and the most representative descriptors 
were analyzed in order to show the diversity of the dataset. All this information is depicted in Fig. 4.

Molecular weight (MW), polar surface area (PSA), hydrogen bond donors (HBD), hydrogen bond acceptors 
(HBA) or the number of violations for the Lipinski rules are some of the descriptors that were plotted to show the 
different physicochemical properties. Molecular weight and logP values show a wide distribution, essential for a 

Figure 3.  Redundancy analysis among the molecular descriptors that conforms the model M13BBB.

http://S2
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diverse database to be further used. The molecular weight range goes from 75 to 614 Da, and the logP distribu-
tion is even broader, with a minimum of −9.27 and a maximum of 7.67. The range of hydrogen bonds donors is 
between 0 and 19, hydrogen bonds acceptors go from 0 to 28 and the number of rotatable bonds varies from 0 to 
15. Regarding the Lipinski’s rule, most of the compounds fulfill the Lipinski criteria and only a 10.89% of them 
violates one or more Lipinski’s rules. This fact confirms a diverse dataset, useful to train our model for obtaining 
the best possible prediction for a wide diversity of compounds, and to be further applied to drug-like molecules.

Molecular Descriptor Subsets selection and QSAR models inference.  Regarding the subsets of molecular descrip-
tors obtained for HIA dataset, we decided to take the two subsets with lower RAE values reported by DELPHOS 
(the same criteria applied before for BBB dataset), which correspond to M5HIA and M9HIA subsets. Therefore, for 
HIA dataset, five alternative subsets of molecular descriptors were used for the experiments: one subset obtained 
from CODES-TSAR (CTHIA), two subsets selected by DRAGON-DELPHOS (M5HIA and M9HIA) and the union of 
M5HIA and M9HIA subsets with CTHIA (M5HIA ∪ CTHIA and M9HIA ∪ CTHIA). Table 3 summarizes the characteristics 
of these subsets.

Using these descriptor subsets, several regression and classification QSAR models were inferred applying 
different machine learning approaches. The accuracy metric values achieved per each QSAR model are reported 
in Supplementary Table S4 and all CSV files used for running the HIA experiments in WEKA are available as 
Supplementary Zipped File 2.

For human intestinal absorption (HIA), regression and classification QSAR models with higher performances 
were obtained from different molecular descriptor subsets. The best regression QSAR model was obtained using 
a combined subset of descriptors (M5HIA ∪ CTHIA). M5HIA subset is integrated by four molecular descriptors that 
correspond to different families. Molecular weight has been found as a key parameter also in this model, in con-
cordance with the Lipinski rule that establishes, among other properties, an MW <500 Da to obtain orally active 
compounds. Also, topological polar surface area (TPSA) corresponding to molecular properties family has been 
found as one of the key descriptors in the best model. In the same sense, it is well-known the correlation between 
the polar surface area of molecules and their capacity to undergo human intestinal absorption. There are also 
two more descriptors spectral moment 01 from edge adjacency matrix weighted by dipole moments (ESpm01d) 
and MATS7m (Moran autocorrelation of lag 7 weighted by mass). The former makes use of spectral moments 
of the edge weighted adjacency matrix. This approach is a structure-explicit scheme which uses a well-defined 

Figure 4.  Physicochemical and structural representation of the HIA dataset. (A) Dispersion of the compounds 
regarding hydrogen bond donors and rotatable bonds. Color is defined by stars, a parameter related to physical-
chemical properties of commercially available drugs. (B) Dispersion of the dataset taking into account logP 
values and Polar Surface Area (PSA). Color is defined by HIA experimental values. (C) Structural diversity 
represented as a 3D dispersion of compounds using CODES descriptors.

http://S4
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mathematical invariant and has a direct interpretation in terms of structural fragments of the molecules having 
some resemblance with the additive schemes of Free-Wilson and Fujita-Ban. The last descriptor is a Moran auto-
correlation of lag 7 regarding molecular weight. On the other hand, we can use VIDEAN in the same way that 
BBB in order to analyze the relationship among the descriptors provided for M5HIA and CTHIA in M5HIA ∪ CTHIA. 
In this case, Fig. 5 shows mutual information obtained by Entropy-based mode. This mode has a single scale (%) 
where it is desirable a low entropy (light pink) between descriptors (low mutual information). As it can be seen, in 
Fig. 5 CODES-TSAR descriptor edges are purple meaning high mutual information, but each one (CODES-T1, 
CODES-T2 and CODES-T3) presents low entropy with the other M5HIA descriptors (light pink and pink). This 
fact demonstrates the complementary information provided by both subsets, M5HIA and CTHIA.

The best classification QSAR model was obtained using the M9HIA subset. This model achieves the highest 
accuracy (86.96%) and an elevated average ROC area (0.865). For the HIA classification experiments, two classes 
were defined: not absorbed molecules and absorbed molecules (see discretization thresholds in Materials and 
Methods section). From the confusion matrix, we can observe that this classifier has a high precision for absorbed 
compounds (92.30%) and a more moderate precision for not absorbed compounds (70%). The performance 
decay for the second class can be related to the class imbalance in the testing set because only the 25% of the sam-
ples corresponds to molecules which are not absorbed.

M9HIA presents a total of five molecular descriptors, two of which are also involved in the previous regression 
model, AMW and TPSA, thus strengthening the important correlation of these molecular properties with HIA 
values. Another descriptor found in the model is GATS6v (Geary autocorrelation of lag 6 weighted by van der 

Subset Name Method Size Molecular descriptor names

CTHIA CODES-TSAR 3 CODES-T1, CODES-T2, CODES-T3

M5HIA D/DELPHOS 4 AMW, MATS7m, ESpm01d, TPSA(NO)

M9HIA D/DELPHOS 5 AMW, GATS6v, JGI4, VRp2, TPSA(NO)

M5HIA ∪ CTHIA Combined 7 AMW, MATS7m, ESpm01d, TPSA(NO), 
CODES-T1, CODES-T2, CODES-T3

M9HIA ∪ CTHIA Combined 8 AMW, GATS6v, JGI4, VRp2, TPSA(NO), 
CODES-T1, CODES-T2, CODES-T3

Table 3.  Molecular descriptor subsets used for inferring the human intestinal absorption QSAR models.

Figure 5.  Mutual information analysis among the molecular descriptors that conform the M5HIA ∪ CTHIA 
model.
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Waals volume), a general index of spatial autocorrelation regarding van der Waals volume in this case. Geary 
coefficient is a distance-type function varying from 0 to infinite. Strong autocorrelation produces low values of 
this index; moreover, positive autocorrelation translates into values between 0 and 1 whereas negative autocor-
relation produces values larger than 1; therefore, the no correlation reference is 1. Besides the GATS6v, there is 
another descriptor in the model belonging to the 2D autocorrelation family, the JGI4 (mean topological charge 
index of order 4). This descriptor is able to evaluate the charge transfer between pairs of atoms, and therefore the 
global charge transfer in the molecule. Finally, the last descriptor for this model is the VRp2 (average Randic-type 
eigenvector-based index from polarizability weighted distance matrix), an eigenvalue-based index. As before, 
we analyzed the M9HIA descriptors relationship in correlation terms by using VIDEAN. In Fig. 6, the graph for 
Spearman-based mode can be seen. It can be observed that a low correlation between descriptors is represented 
by light tones of colors: light orange and light blue. Once more, this result is the desirable one, where each descrip-
tor provides singular information to the model.

In summary, the two DELPHOS subsets used for regression and classification, M5HIA and M9HIA, combine 
several descriptors from different families, where the most populated family is the 2D autocorrelation including 
Geary and Moran autocorrelation regarding van der Waals volume and mass respectively, as well as topological 
charge. As it was previously mentioned, there are 2 descriptors present in both models that have been widely 
used to predict oral bioavailability. There are studies regarding classification and regression trees25 as well as very 
good correlations26 using PSA for HIA prediction. It is also widely accepted that molecules with PSA lower than 
60 exhibit high and almost complete intestinal absorbance, whereas molecules with PSA higher than 140 reveal 
poor intestinal absorbance. Therefore, the physicochemical relevance of the molecular descriptors selected by 
DELPHOS is well-supported by previous evidence.

Statistical significance of CTHIA descriptors contribution to the combined model M5HIA  ∪  CTHIA.  Regarding the 
actual contribution of the CTHIA descriptors to the accuracy of the combined regression QSAR model, we decided 
to execute an additional experiment. The idea was to evaluate the statistical significance of CTHIA descriptors con-
tribution to the combined model in contrast with a random selection of molecular descriptors. For this analysis, 
one hundred replicates of a random experiment were executed. In each replicate, three molecular descriptors 
included in CTHIA are substituted by three molecular descriptors (RANDHIA) randomly taken from the entire 
set of molecular descriptors computed by DRAGON (excluding the molecular descriptors of M5HIA). After this 
replacement, a regression QSAR model is recomputed using the new combined subset M5HIA + RANDHIA, apply-
ing the same experimental conditions reported for the best HIA QSAR regression model (see Table 1). In this 
way, a frequency distribution of correlation coefficients (CC) values is obtained from one hundred QSAR models 

Figure 6.  Correlation analysis among the molecular descriptors that conforms the model M9HIA.
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inferred with these random subsets, which is depicted in Fig. 7. Analyzing these results, we can observe that the 
mean value of accuracy of these QSAR models is very low (0.397). Moreover, no regression model generated from 
the random subsets achieved the correlation coefficient of the best regression model for HIA (0.76). Therefore, we 
can conclude that the contribution of CTHIA subset to the combined model is clearly relevant in statistical terms.

In summary, we can assert that best QSAR model obtained for HIA dataset by combining DELPHOS with 
CODES-TSAR achieves reasonable prediction accuracies. The molecular descriptors chosen by the feature selec-
tion method are clearly related with the HIA in physicochemical terms, and they also present low redundancy lev-
els. For the particular case of the combined regression model, we can observe that molecular descriptors provided 
by CODES-TSAR improved the performance of QSAR model generated by DRAGON/DELPHOS with statistical 
significance. Beyond the analysis of the best QSAR models, from the complete set of experiments reported on 
the Supplementary Table S4, we computed confidence intervals in order to determine if there are differences 
with statistical significance in the performance of both approaches. The results reveal that DRAGON/DELPHOS 
approach outperforms CODES-TSAR with statistical significance in both QSAR modeling strategies, regression 
and classification, for this dataset.

QSAR models for enantiomeric excess (EE).  Drug-like properties calculation and similarity assess-
ment.  Asymmetric catalysis has generally been accepted as the best methodology for the preparation of enan-
tiomeric compounds and consequently is one of the most prominent and competitive area of research in current 
organic synthesis. The spectacular progress achieved in this area in last decades has been underpinned by the 
development of a plethora of efficient chiral ligands, many of them now commercially available. However, their 
effectiveness strongly depends on the structure of the substrate; therefore, the vast diversity of organic com-
pounds has hampered the development of catalysts operative for a broad spectrum of transformations. In this 
context, a considerable experimental effort has to be devoted to finding the appropriate chiral catalyst for the 
desired reaction. We envisage that computational methods can help to predict the enantiomeric excess for a 
defined set of catalysts and reactants, and hence this opens a new approach to estimate the best chiral ligand for a 
desired reaction without the need to perform the reaction27.

The palladium(0)-catalyzed asymmetric allylic substitutions (Tsuji-Trost reaction) is one of the most powerful 
procedures for the enantiocontrolled formation of carbon-carbon or carbon-heteroatom bonds28–33. Since the 
first examples in the early seventies, a vast number of very efficient chiral ligand has been developed for this trans-
formation. In particular, the asymmetric allylic substitution of allylic acetates or benzoates with dialkyl malonate 
has been extensively used as a successful test bench for the design and development of new chiral ligands. Given 
the large amount of literature data for this reaction, in which a vast array of chiral ligands of different backbone, 
coordination atoms and coordination modes has been tested, we have selected this asymmetric transformation as 
a model reaction to test the viability of our initial hypothesis.

In the study of QSAR models for enantiomeric excess, we have collected a dataset of 177 ligands and 9 sub-
strates (see Supplementary Zipped File 3) with known experimental values of ee from the literature. Considering 
this data, ligands, substrates, and enantiomeric excess values were correlated.

To measure the structural diversity of this dataset, we have carried out studies in an analogous way as with 
the previous databases. Only ligands were considered to develop the QSAR studies, as substrates show a high 
similarity among them in terms of descriptors. Therefore, using CODES-TSAR descriptors, we have performed 
a similarity analysis by the mean Pearson Similarity index, and the data was ordered in an increasing way from 0 
to 1. The similarity indices for EE dataset using CODES-TSAR descriptors are shown in Supplementary Table S5. 
As it can be observed, the compounds in the dataset present a wide range of diversity from total dissimilarity to 
similarity for a reference compound. This fact may allow us to foresee that the applicability domain of the models 
built in this study will be wide as in the previous models.

Due to the structural complexity of this dataset, that contains ligands with metal complexes on their backbone 
(e.g., a ferrocene backbone), physical-chemical properties were not able to be calculated using Qikprop module. 
However, Canvas module34–36 allows us to calculate molecular properties for this dataset. The most representative 
descriptors given by the software were analyzed in order to show the diversity of the dataset, as it is depicted in 

Figure 7.  Accuracy frequency values for QSAR regression models computed using random combined subsets 
of descriptors.
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Fig. 8, in which parameters such as Molecular Weight (MW), Hydrogen bond acceptors and donors (HBA and 
HBD respectively) or polar surface area (PSA) are some of the descriptors plotted. The data shows a wide distribu-
tion of the physicochemical properties: regarding MW values, compounds are in a range between 142 and 1372, 
HBA are in the interval from 0 to 19, while rotatable bonds are in the range between 1 and 19. From this analysis 
it is possible to extract two central conclusions: the first one, this dataset presents a wide range of diversity, an 
important feature for QSAR models. The second one is related with the low level of drug-like properties of this 
dataset in comparison with both previous datasets. This fact is due to the higher values of logP, showing most of 
the compounds values between 5 and 15 and MW with values reaching 800 and even 1000 Da.

Molecular Descriptor Subsets selection and QSAR models inference.  For this dataset, we have again decided to 
pick-up the two subsets with the lowest RAE values reported by DELPHOS, which correspond to M9EE and 
M14EE subsets. Therefore, for the EE dataset, five alternative subsets of molecular descriptors were used for the 
experiments: one subset obtained from CODES-TSAR (CTEE), two subsets selected by DRAGON-DELPHOS 
(M9EE and M14EE) and the union of M9EE and M14EE subsets with CTEE (M9EE ∪ CTEE and M14EE ∪ CTEE). Table 4 
summarizes the characteristics of these subsets. It is important to note that molecular descriptors for substrate 
and ligand databases were selected by DELPHOS for each subset. The texts “Sust” and “Lig” were concatenated 
to the DRAGON descriptor names in order to identify from which database they were selected. Regarding 
CODES-TSAR subset, four descriptors were extracted from substrates (Sa, Sb, Sc, and Sd) and six descriptors 
were extracted for ligands (La, Lb, Lc, Ld, Le, Lf).

Using these descriptor subsets, several regression and classification QSAR models were inferred applying 
different machine learning approaches. The accuracy metric values achieved per each QSAR model are reported 
in Supplementary Table S6 and all CSV files used for running the EE experiments in WEKA are made availa-
ble as Supplementary Zipped File 4. The regression and classification QSAR models with better performance 
were obtained using the CTEE subset learned by CODES-TSAR, which is formed by 4 substrate descriptors and 
6 ligand ones, final size equaling 10. In particular, the best classification model obtained from the CTEE sub-
set achieves a high level of accuracy (84.38%). For the EE classification experiments, two classes were defined: 
low-enantiopurity (0–90% ee) and high-enantiopurity samples (90 -> 99% ee, see discretization thresholds in 
Materials and Methods section). From the confusion matrix, we can observe that this QSAR model has a high 
precision for low-enantiopurity samples (94.94%) and a poor precision for high-enantiopurity samples (35.29%). 
The weak performance obtained for the second class can be related to the strong class imbalance in the testing 
set, where only the 17.71% of samples corresponds to a pure class. This fact can also explain the low value of the 
average ROC area (0.588).

A physicochemical interpretation is not possible to be made because of the nature of CODES-TSAR tech-
nique (See Introduction). Consequently, we only analyze the descriptor relationships in statistical terms by using 
VIDEAN. In Fig. 9, the entropy-based mode is shown for relationships among substrate and ligand descriptors, 
considering one at a time. In general terms, all the edges are light pink and pink, demonstrating low mutual infor-
mation and consequently good complementary. Additionally, in Fig. 10, we can see the analysis for both groups of 
descriptors (substrate and ligand), where all edges are purple. This behavior is not relevant to the group, because 
of the nature of CODES-TSAR technique (See Introduction), but the combination of groups shown in Fig. 9 is 
indeed important.

Furthermore, another functionality offered by VIDEAN is the visualization of scatter plots and their associ-
ated histograms. The goal is to see the behavior of descriptor values versus the target property, in order to realize 
how the information zone is covered by different descriptors. In Fig. 10, this explanation is more deeply under-
stood. It can be seen a 10 scatter plot with its related histogram, one for each model descriptor. The analysis can 

Figure 8.  Physicochemical representation of the EE dataset. (A) Dispersion of the compounds regarding 
hydrogen bond donors and rotatable bonds (RB). Color is defined by molecular weight (MW). (B) Dispersion 
of the dataset taking into account logP values and molecular weight.
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be made in two groups, first for substrate descriptors and then for the ligand ones. Sa, Sb, Sc, and Sd mostly show 
values in the median and right zone (see histograms). On the other hand, La, Lb, Lc, Ld, Le, and Lf show values in 
the left zone (see histograms), where substrate descriptor does not present any value. Consequently, we can infer 
that the combination of the two groups is completing the information zone for the model, and this coverage is 
desirable for QSAR modeling.

In summary, we can assert that, for EE dataset, the best QSAR models obtained by CODES-TSAR achieve 
reasonable prediction accuracies. The molecular descriptors chosen by the feature learning method have low 
redundancy levels. Besides, we can observe that the combination of two groups of molecular descriptors 
(substrates and ligands descriptors) provided by CODES-TSAR achieves a complete coverage of the infor-
mation zone for the QSAR model. Beyond the analysis of the best QSAR models, from the complete set of 
experiments reported on the Supplementary Table S6, we computed confidence intervals in order to deter-
mine if there are differences with statistical significance in the performance of both approaches. For this data-
set, the results reveal that CODES-TSAR approach outperforms DRAGON/DELPHOS in average for both 
QSAR modeling strategies, regression and classification. Nevertheless, these differences have not statistical 
significance.

Impact of the Hybridization Approach.  As it was mentioned before, a relevant goal of this work is to 
assess the potential benefits related to the hybridization of feature selection and feature learning approaches in 
QSAR modeling. More specifically, the aim is to determine the potential benefits of combining molecular descrip-
tor subsets computed by DRAGON-DELPHOS (D − D) and CODES-TSAR (C − T) methodologies for the infer-
ence of regression and classification QSAR models in drug design.

Analyzing all experiments executed for each dataset under different experimental conditions (combinations 
of different molecular descriptor subsets, machine learning methods, and sampling sizes, see Fig. 1), a total of 
thirty and eighteen different experimental sceneries can be defined for regression and classification experiments 
respectively (see Supplementary Tables S2, S4 y S6). Figure 11 shows the proportion of sceneries were QSAR 
models inferred by combining molecular descriptor subsets of both approaches outperform the accuracy of the 
QSAR models inferred for D − D and C − T subsets alone. From this chart, it is clear that regression models 
inferred from the individual subsets have, in general, better accuracy that the combined ones. Only for the clas-
sification models inferred from the BBB dataset, it is observed that combined subsets outperform the individual 
subsets in most of the experimental scenarios. These results allow us to conclude that the hybridization of both 
strategies (feature selection, and feature learning) can be useful but the performance depends on the dataset 
characteristics.

Impact of the WEKA training method used for inferring the QSAR models.  Another factor of rel-
evance for the practitioner is how to choice the methodology used for the inference of the QSAR models. In this 
paper, we explore the use of different training methods provided for WEKA tool for regression and classification 
problems. Therefore, from the whole set of experiments generates in this work (see Supplementary Tables S2,S4 
y S6), confidence intervals of the performance differences between each pair of training method were computed. 
In both cases, regression and classification models, Random Forest and Random Committee methods achieved a 
better accuracy that the other methods (Neural Networks, Decision Trees and Linear Regression) with statistical 
significance. Nevertheless, the differences between Random Forest and Random Committee are negligibly in 
both scenarios (regression and classification). For this reason, our piece of advice for the practitioners is the use of 
training methods based on ensembles, like Random Forest and Random Committee are, because their accuracies 
outperform the most traditional machine learning methods.

Discussion
During the last decades, several feature selection and feature learning methods have been applied to the inference 
of molecular descriptor subsets for QSAR modeling. These models play a central role in the virtual screening of 
drugs, allowing the study of relevant physicochemical properties even before the synthesis of newly designed 
compounds. In particular, two machine learning methodologies, DRAGON-DELPHOS and CODES-TSAR, as 
representatives of these two approaches, have been compared in this work. The experiments were carried out with 

Subset Name Method Size Molecular descriptor names

CTEE CODES-TSAR 10 Sa, Sb, Sc, Sd, La, Lb, Lc, Ld, Le, Lf

M9EE D/DELPHOS 4 AMW Sust, EEig11d Sust, JGI6 Sust, TPSA.NO. Lig

M14EE D/DELPHOS 17
AMW Sust, PJI2 Sust, EEig12x Sust, EEig09d Sust, EEig11d 
Sust, GGI8 Sust, nDB Lig, nH Lig, nR09 Lig, TI2 Lig, PW5 
Lig, D.Dr08 Lig, AAC Lig, MATS5v Lig, MATS8v Lig, 
MATS3p Lig, GATS1e Lig

M9EE ∪ CTEE Combined 14 AMW Sust, EEig11d Sust, JGI6 Sust, TPSA.NO. Lig, Sa, Sb, 
Sc, Sd, La, Lb, Lc, Ld, Le, Lf

M14EE ∪ CTEE Combined 27
AMW Sust, PJI2 Sust, EEig12x Sust, EEig09d Sust, EEig11d 
Sust, GGI8 Sust, nDB Lig, nH Lig, nR09 Lig, TI2 Lig, PW5 
Lig, D.Dr08 Lig, AAC Lig, MATS5v Lig, MATS8v Lig, 
MATS3p Lig, GATS1e Lig, Sa, Sb, Sc, Sd, La, Lb, Lc, Ld, Le, Lf

Table 4.  Molecular descriptor subsets used for inferring the QSAR models for enantiomeric excess.
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compound datasets for QSAR modeling of three different issues: blood-brain-barrier, human intestinal absorp-
tion, and enantiomeric excess.

Each dataset used during the machine learning experiments was characterized in detail by drug-like proper-
ties calculation and similarity assessment of their molecular descriptors. In all cases, QSAR model performances 
were contrasted for several experimental conditions, varying sampling parameters and techniques used for infer-
ring the classification and regression models. The molecular descriptor subsets obtained by DRAGON-DELPHOS 
and CODES-TSAR strategies were also analyzed in terms of mutual information and correlation, in order to 
evaluate the pairwise associations among the relevant descriptors and their relationships with the properties 
under study. From the results, we observed that none of the methods outperform the other one in all scenarios 
since the prediction accuracy depends on database features and experimental conditions. Nevertheless, regarding 
the training methods used for QSAR model inference, the techniques based on ensembles, Random Forest and 
Random Committee, outperform with statistical significance the most traditional algorithms in the two kind of 
QSAR models (regression and classification). For this reason, we recommend to practitioners to apply ensemble 
based methods for the model training step.

Figure 9.  Mutual information among the substrate and ligand descriptors computed by CODES-TSAR (CTEE 
subset).
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Another piece of advice for QSAR modelers is associated with the intrinsic characteristics of each method-
ology. CODES considers that the property to study depends on chemical structure of the molecule, and not a 
contribution of different independent variables. In fact, CODES codifies a structure (generation of a small set of 
descriptor) from the chemical structure of the molecule based on the atom nature, the number of atom bonds and 
the connectivity with the rest of the molecule. Therefore, with this tool is not necessary to compute a selection of 
features step like DELPHOS does. In the other hand, each feature calculated by DRAGON has its own physico-
chemical interpretation and can be used in a QSAR model as an individual piece of information. Therefore, the 
interpretation of QSAR models in terms of the individual contribution of the molecular descriptors is possible, 
helping to obtain more understandable models. For this reason, each modeler can chose a methodology taking 
into account in which aspect is focused: computational efforts or model interpretability.

Beyond the use of these feature identification approaches separately, as alternative competing methodologies, 
in this study we also decided to assess the impact of hybridizing both techniques. This decision was based on 
recent results, published in the area of QSAR modeling for material design, where the combination of both meth-
ods improved the prediction quality. These hybridization experiments for our datasets reveal that QSAR mod-
els accuracy can be enhanced by joining molecular descriptor subsets obtained by both methodologies if these 

Figure 10.  Relationship among the molecular descriptors computed by CODES-TSAR (CTEE subset) and the 
target property.
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subsets contain complementary information for the models, such as it occurred with the best HIA regression 
model. For this reason, as a general conclusion, we recommend to the virtual screening practitioners to consider 
this hybridizing philosophy as an additional strategy for their experiments.

It also interesting to remark that QSAR classifiers with a high accuracy percentile (around 85%) were obtained 
from the three datasets. Nevertheless, in all cases, different degrees of unbalance among the number of samples 
available for each class in the testing sets affected the average ROC area values. Therefore, even when this paper 
is focused on the comparison between two feature selection and feature extraction methods, together with their 
potential hybridization, we hope to enhance the classifiers by applying techniques for artificial balancing of sam-
ple classes in forthcoming experiments. Finally, it is possible to hybridize another alternatives methods for feature 
selection and feature learning as future work.

Materials and Methods
Preparation of Databases.  Ligand preparation.  The HIA and BBB datasets on SMILES format were con-
verted to 3D structures using LigPrep1 software implemented on Maestro Suite237. LigPrep38 is a 2D-to-3D con-
version tool that includes the addition of hydrogen atoms and options for generating multiple possible tautomers, 
stereoisomers, ionization at a selected pH range, and ring conformations using molecular mechanics force fields. 
To carry out our studies, possible ionizations were generated at pH 7.3 in order to obtain the most suitable ioniza-
tion states of the compounds for that pH range. The ionization states were assigned with Epik3 module39. Also, all 
the compounds were desalted and no tautomers were generated. In this process, we have restricted the search to 
obtain just one possible stereoisomer among all that can be found by the program, as well as one low energy ring 
conformation. The final step of a LigPrep preparation is an energy minimization of the 3D conformers generated 
using the OPLS 2005 force field40.

Different conformers and ionization states of the same compounds were reduced in order to keep one 3D 
structure per initial compound. The selection was made considering the most probable ionization state at physio-
logical pH conditions. This preparation is a crucial step for the following studies and was performed with the aim 
of obtaining the most suitable 3D structures to further calculate the physicochemical properties of the existing 
compounds.

Drug-like properties calculation.  All the prepared compounds were analyzed using Qikprop26 module of the 
Small-Molecule Drug Discovery Suite in Schrödinger, an accurate and quick software that predicts structurally 
significant 2D and 3D descriptors and pharmaceutically relevant properties of organic molecules. Absorption, 
Distribution, Metabolism, and Excretion (ADME) properties were predicted using the program QikProp where 
a total of 44 properties could be predicted. Among all the properties, the program calculates properties like 
molecular weight, molecular volume, number of H-bond donors, number of H-bond acceptors, polar surface 
area, QPlogPo/w (predicted octanol/water partition coefficient) and violations related to the Lipinski’s Rule of 5 
and Jorgensen’s Rule of 3, to filter out compounds with clear cut undesirable properties for drug discovery. For the 
EE dataset, and due to chemical structures of the dataset that contains coordination complex, Canvas41 software 
was used. This tool is a cheminformatics package that provides a range of applications for structural and data 
analysis, including fingerprints, similarity searching, substructure searching, selection by diversity, clustering, 
building regression and classification models. In this case, it allowed us to calculate physicochemical properties 
in an analogous way that Qikprop.

Similarity calculations.  The similarity indices were calculated using CODES parameters, three for each com-
pound of HIA and BBB datasets and 6 parameters to EE dataset. Similarity calculations for the three datasets 
were performed using the SPSS software41. Distances were computed between cases measuring similarities by 
Pearson correlation. The values were transformed into a standardized range of 0 to 1 by variable, and the measures 
were transformed and rescaled to a 0–1 range. With these parameters, the similarity was computed for all three 

Figure 11.  Number of experimental scenarios where QSAR models obtained by combined subsets improve the 
performance of the QSAR models inferred by individual subsets.
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databases thus obtaining different correlations between the compounds. For every dataset, one compound was 
chosen to be the reference and similarity is described for the rest of the datasets.

Also, a representation of CODES descriptors was performed using SigmaPlot as a measure of structural 
diversity.

Software used for Processing Molecular Descriptors.  The first step before applying a feature selection 
method consists in calculating the molecular descriptors. This task is performed in this paper with DRAGON 
software8. DRAGON is an application tool for the calculation of molecular descriptors. It provides almost 5,000 
molecular descriptors (0D, 1D, 2D, and 3D), which can be used to evaluate molecular structure-activity or 
structure-property relationships of molecule databases. To calculate these molecular descriptors, molecular struc-
ture files are required. DRAGON can also deal with H-depleted molecules and 2D-structures. Then, the stage that 
takes place is the selection of features and it is performed with DELPHOS11.

In the other hand, for feature learning method, the first step is carried out by CODES. CODES is a software 
based on artificial neural computing. It generates descriptors correlated with the atom nature, the atom bonds 
and the connectivity with the rest of the molecule. In fact, each point (atom) of the topological space corresponds 
to each unit (neuron) of the neural space, and each binary relation (bond) corresponds to each connection of 
the neural space. This results in a neural network designed as an interactive activation and competition network, 
which is processed until an equilibrium state is reached12. The next step consists in the reduction of the dimension 
of matrices of each compound. TSAR is the software responsible for the dimension reduction process. Reduction 
of dimension philosophy resides in reducing the complexity of any system without loss information. This pro-
cess is achieved by training a supervised multilayer neural network namely ReNDer (Reversible Non-linear 
Dimension reduction). TSAR program applies a Monte Carlo algorithm and the same number of descriptors for 
all molecules in databases was obtained18.

WEKA Machine Learning Methods used for Inferring Regression and Classification 
Models.  Weka is a collection of machine learning algorithms for data mining tasks20. The methods used in 
this study are described next:

Linear Regression: Class for using linear regression for prediction. Uses the Akaike criterion for model selec-
tion, and is able to deal with weighted instances.

Decision Tress: Classifier for building and using a decision stump. Usually used in conjunction with a boosting 
algorithm. Does regression (based on mean-squared error) or classification (based on entropy). Missing is treated 
as a separate value.

Neural Networks (Multiperceptron): A Classifier that uses back-propagation to classify instances. This net-
work can be built by hand, created by an algorithm or both. The network can also be monitored and modified 
during training time. The nodes in this network are all sigmoid (except for when the class is numeric in which 
case the output nodes become unthresholded linear units).

HIA
Tag Not Absorb Absorb

Thresholds <0.7 >=0.7

BBB
Tag BBB+ Gray area BBB−

Thresholds <=−0.7 >−0.7 
y < = −0.3 >−0.3

EE

Tag Low-enantiopurity High-enantiopurity

Thresholds from 10% to 90%
from 0% to 10%

from 90% to 100%

Table 5.  Discretization criteria for target properties.

Figure 12.  Values and functions assigned by CODES.
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Random Forest: Class for constructing a forest of random trees42. The random trees for constructing a tree 
that considers K randomly chosen attributes at each node. Performs no pruning. Also, it has an option to allow 
estimation of class probabilities (or target mean in the regression case) based on a hold-out set (back fitting).

Random Committee: Class for building an ensemble of randomized base classifiers. Each base classifier is built 
using a different random number seed (but based on the same data). The final prediction is a straight average of 
the predictions generated by the individual base classifiers.

Table 5 shows discretization criteria for target properties with their thresholds and explication. For 
HIA models the threshold under 0.7 is considered not absorb, while a threshold equal or above 0.7 is con-
sidered that absorb. The BBB model has three classes, molecules which cross the BBB (BBB+), molecules 
that do not cross the BBB (BBB-) and a gray area that represents uncertainty. The EE model has two tags, 
low-enantiopurity in the center zone from 10% to 90% and high-enantiopurity in the extremes from 0% to 
10% and from 90% to 100%.

CODES software.  CODES® program is able to encode a molecule from a topological point of view into 
molecular descriptors in which all the underlying information of the chemical structure is contained. Although 
CODES was initially designed for MAC computers, a new version for Windows XP with graphical interface has 
been developed in collaboration with Advanced Software Production Line, S.L. This new version allows the read-
ing of the structure through its SMILES code into a graphical interface.

CODES consists of two levels, a topological and a neural one, and its philosophy lies in a Gestalt isomorphism 
between both levels. While the topological space is the chemical structure in itself, the neural one consists in an 
interactive and competitive network. Each point or atom of the topological space corresponds with each unit 
or neuron of the neural space, and each type of atom takes a different initial value. Attending to connectivity, 
CODES considers both bonded and not bonded atoms. If atoms are not bonded in the topological space, it means 
an inhibitory connection in neural level, otherwise, the neural space considers an excitatory connection and the 
value depends on bond type. The stereochemistry is also taken into account during the codification process and 
R or S chirality is expressed by a corrective non-linear function (Fig. 12).

The neural network employs a sigmoideal function in the codification process and the network is charac-
terised by a non-supervised learning. In the learning process, CODES records all the activities reached in every 
iteration of the network and it is processed until an equilibrium state is reached, so that we have a set of temporal 
values, cast into a matrix of AxR dimensions, where A is the number of atoms included in the SMILES code and R 
is the number of iterations that CODES function needs to achieve this equilibrium stage. In fact, this is a dynam-
ical matrix of descriptors because takes into account the whole codification progress. We have also the chance to 
choose only the last step of codification, so we would have a static set of descriptor of the molecules but, in order 
to perform a compression of the information without loss of any of the calculated descriptors, we have selected 
the matrix with the whole codification progress.

Reduction of Dimensions (RD). The philosophy of this process resides in reducing the complexity of any 
system without loss of any intrinsic characteristics or information about the chemical nature. This process is 
carried out by a back-propagation neural network with architecture (AxR)-c-y-c-(AxR), where (AxR) repre-
sents CODES matrix, c is the number of neurons in codification layer and y is the number of hidden neurons. 
In the model developed, reduction of dimension process is carried out in order to compress the dynamic 
matrix data to a set of three numeric codes for each molecule (hidden neurons: X1, X2 and X3; see Supporting 
Information, Table S2). RD process is carried out using TSAR© program which applies Monte Carlo algo-
rithm. Convergence parameters are 3000 iterations/cycle, 1000 cycles past best (it is the number of cycles that 
are completed without improving on the best RMS fit before the training is terminated) and convergence of 
0.005 RMS (Root Mean Square). The neural network is considered trained when the convergence plot shows a 
constant behaviour.

References
	 1.	 Wang, T., Wu, M. B., Lin, J. P. & Yang, L. R. Quantitative structure-activity relationship: promising advances in drug discovery 

platforms. Expert Opinion on Drug Discovery 11, 1–18, doi:10.1517/17460441.2015.1083006 (2015).
	 2.	 Kumar, R. et al. An in silico platform for predicting, screening and designing of antihypertensive peptides. Scientific Reports 5, 

12512, doi:10.1038/srep12512 (2015).
	 3.	 Briard, J. G. et al. QSAR Accelerated Discovery of Potent Ice Recrystallization Inhibitors. Scientific Report 6, 26403, doi:10.1038/

srep26403 (2016).
	 4.	 Gasteiger, J. Chemoinformatics: Achievements and Challenges, a Personal View. Molecules 21(2), 151, Special Issue 

Chemoinformatics, doi:10.3390/molecules21020151 (2016).
	 5.	 Patel, J. Science of the science, drug discovery and artificial neural networks. Current Drug Discovery Technologies 10(1), 2–7, 

doi:10.2174/1570163811310010002 (2013).
	 6.	 Basant, N., Gupta, S. & Singh, K. P. Predicting human intestinal absorption of diverse chemicals using ensemble learning based 

QSAR modeling approaches. Computational Biology and Chemistry 61, 178–196, doi:10.1016/j.compbiolchem.2016.01.005 (2016).
	 7.	 Dobchev, D. & Karelson, M. Have artificial neural networks met expectations in drug discovery as implemented in QSAR 

framework? Expert Opinion on Drug Discovery 11(7), 627–639, doi:10.1080/17460441.2016.1186876 (2016).
	 8.	 Dragon, Version 5.5, Talete srl (2007).
	 9.	 Yap, C. W. PaDEL-descriptor: an open source software to calculate molecular descriptors and fingerprints. Journal of Computational 

Chemistry 32(7), 1466–1474, doi:10.1002/jcc.v32.7 (2011).
	10.	 Danishuddin Khan, A. U. Descriptors and their selection methods in QSAR analysis: paradigm for drug design. Drug Discovery 

Today 21(8), 1294–1302, doi:10.1016/j.drudis.2016.06.013 (2016).
	11.	 Soto, A. J., Martínez, M. J., Cecchini, R. L., Vazquez, G. E. & Ponzoni, I. DELPHOS: Computational Tool for Selection of Relevant 

Descriptor Subsets in ADMET Prediction. 1st International Meeting of Pharmaceutical Sciences (2010).
	12.	 Dorronsoro, I. et al. CODES/Neural Network Model: a Useful Tool for in Silico Prediction of Oral Absorption and Blood-Brain 

Barrier Permeability of Structurally Diverse Drugs. QSAR & Combinatorial Science 23, 89–98, doi:10.1002/qsar.200330858 (2004).

http://S2
http://dx.doi.org/10.1517/17460441.2015.1083006
http://dx.doi.org/10.1038/srep12512
http://dx.doi.org/10.1038/srep26403
http://dx.doi.org/10.1038/srep26403
http://dx.doi.org/10.3390/molecules21020151
http://dx.doi.org/10.2174/1570163811310010002
http://dx.doi.org/10.1016/j.compbiolchem.2016.01.005
http://dx.doi.org/10.1080/17460441.2016.1186876
http://dx.doi.org/10.1002/jcc.v32.7
http://dx.doi.org/10.1016/j.drudis.2016.06.013
http://dx.doi.org/10.1002/qsar.200330858


www.nature.com/scientificreports/

1 8Scientific Reports | 7: 2403  | DOI:10.1038/s41598-017-02114-3

	13.	 Soto, A. J., Cecchini, R. L., Vazquez, G. E. & Ponzoni, I. Multi-Objective Feature Selection in QSAR using a Machine Learning 
Approach. QSAR & Combinatorial Science 28(11–12), 1509–1523, doi:10.1002/qsar.200960053 (2009).

	14.	 Palomba, D. et al. QSAR models for predicting log Pliver on volatile organic compounds combining statistical methods and domain 
knowledge. Molecules 17(12), 14937–14953, doi:10.3390/molecules171214937 (2012).

	15.	 Palomba, D., Vazquez, G. E. & Díaz., M. F. Prediction of Elongation at Break for Linear Polymers. Chemometrics and Intelligent 
Laboratory Systems 139, 121–131, doi:10.1016/j.chemolab.2014.09.009 (2014).

	16.	 Cravero, F., Martínez, M. J., Vazquez, G. E., Díaz, M. F. & Ponzoni, I. Intelligent Systems for Predictive Modelling in 
Cheminformatics: QSPR Models for Material Design using Machine Learning and Visual Analytics Tools. Advances in Intelligent 
Systems and Computing 477, 3–11, doi:10.2390/biecoll-jib-2016-286 (2016).

	17.	 Guerra, A., Páez, J. A. & Campillo, N. E. Artificial Neural Networks in ADMET Modeling: Prediction of Blood – Brain Barrier 
Permeation. QSAR & Combinatorial Science 27(5), 586–594, doi:10.1002/qsar.200710019 (2008).

	18.	 Castaño, T. et al. Design, synthesis, and evaluation of potential inhibitors of nitric oxide synthase. Bioorganic & Medicinal Chemistry 
16, 6193–6206, doi:10.1016/j.bmc.2008.04.036 (2008).

	19.	 Guerra, A., Campillo, N. E. & Páez, J. A. Neural computational prediction of oral drug absorption based on CODES 2D descriptors. 
European Journal of Medicinal Chemistry 45(3), 930–940, doi:10.1016/j.ejmech.2009.11.034 (2010).

	20.	 Hall, M. et al. The WEKA Data Mining Software: An Update. ACM SIGKDD Explorations Newsletter 11(1), 10–18, 
doi:10.1145/1656274 (2009).

	21.	 Eklund, M., Norinder, U., Boyer, S. & Carlsson, L. Choosing feature selection and learning algorithms in QSAR. Journal of Chemical 
Information and Modeling 54(3), 837–843, doi:10.1021/ci400573c (2014).

	22.	 Small-Molecule Drug Discovery Suite. 2016-3, QikProp, version 4.6. Schrödinger (2016).
	23.	 Lipinski, C. A., Lombardo, F., Dominy, B. W. & Feeney, P. J. Experimental and computational approaches to estimate solubility and 

permeability in drug discovery and development settings. Advanced drug delivery reviews 46(1–3), 3–26 11, doi:10.1016/S0169-
409X(00)00129-0 (2001).

	24.	 Martinez, M. J., Ponzoni, I., Díaz, M. F., Vazquez, G. E. & Soto, A. J. Visual analytics in cheminformatics: user-supervised descriptor 
selection for QSAR methods. Journal Cheminformatics 7, 39, doi:10.1186/s13321-015-0092-4 (2015).

	25.	 Deconinck, E., Hancock, T., Coomans, D., Massart, D. L. & Heyden, Y. V. Classification of drugs in absorption classes using the 
classification and regression trees (CART) methodology. Journal of Pharmaceutical and Biomedical Analysis 39(1–2), 91–103, 
doi:10.1016/j.jpba.2005.03.008 (2005).

	26.	 Palm, K. et al. Evaluation of Dynamic Polar Molecular Surface Area as Predictor of Drug Absorption:  Comparison with Other 
Computational and Experimental Predictors. Journal of Medicinal Chemistry 41(27), 5382–5392, doi:10.1021/jm980313t (1998).

	27.	 Brown, J. M. & Deeth, R. J. Is Enantioselectivity Predictable in Asymmetric Catalysis? Angewandte Chemie International Edition 48, 
4476–4479, doi:10.1002/anie.v48:25 (2009).

	28.	 Trost, B. M. Asymmetric Allylic Alkylation, an Enabling Methodology. Journal of Organic Chemistry 69(18), 5813–5837, 
doi:10.1021/jo0491004 (2004).

	29.	 Trost, B. M. & Crawley, M. L. Asymmetric Transition-Metal-Catalyzed Allylic Alkylations:  Applications in Total Synthesis. Chemical 
Reviews 103(8), 2921–2944, doi:10.1021/cr020027w (2003).

	30.	 Martin, E. & Diéguez, M. C. R. Thioether containing ligands for asymmetric allylic substitution reactions. Comptes Rendus Chimie 
10(3), 188–205, doi:10.1016/j.crci.2007.01.004 (2007).

	31.	 Lu, Z. & Ma, S. Metal-Catalyzed Enantioselective Allylation in Asymmetric Synthesis. Angewandte Chemie International Edition 47, 
258–297, doi:10.1002/anie.200605113 (2008).

	32.	 Diéguez, M. & Pámies, O. Biaryl Phosphites: New Efficient Adaptative Ligands for Pd-Catalyzed Asymmetric Allylic Substitution 
Reactions. Accounts of chemical research 43, 312–322, doi:10.1021/ar9002152 (2010).

	33.	 Trost, B. M., Zhang, T. & bSieber, J. D. Catalytic asymmetric allylic alkylation employing heteroatom nucleophiles: a powerful 
method for C–X bond formation. Chemical Science 1, 427–440, doi:10.1039/c0sc00234h (2010).

	34.	 Duan, J., Dixon, S. L., Lowrie, J. F. & Sherman, W. Analysis and Comparison of 2D Fingerprints: Insights into Database Screening 
Performance Using Eight Fingerprint Methods. Journal of Molecular Graphics and Modelling 29, 157–170, doi:10.1016/j.
jmgm.2010.05.008 (2010).

	35.	 Sastry, M., Dixon, S. L., Lowrie, J. F. & Sherman, W. Large-Scale Systematic Analysis of 2D Fingerprint Methods and Parameters to 
Improve Virtual Screening Enrichments. Journal of Chemical Information and Modeling 50, 771–784, doi:10.1021/ci100062n (2010).

	36.	 Canvas, version 2.5, Schrödinger (2016).
	37.	 Maestro, version 9.9, Schrödinger (2014).
	38.	 LigPrep, version 3.6, Schrödinger (2015).
	39.	 Epik, version 3.4, Schrödinger (2014).
	40.	 Jorgensen, W. L., Maxwell, D. S. & Tirado-Rives, J. Development and Testing of the OPLS All-Atom Force Field on Conformational 

Energetics and Properties of Organic Liquids. Journal of. American. Chemical Society 118(45), 11225–11236, doi:10.1021/ja9621760 
(1996).

	41.	 IBM SPSS. Statistics for Windows, Version 22.0, IBM Corp (2013).
	42.	 Breiman, L. Random Forests. Machine Learning 45(1), 5–32, doi:10.1023/A:1010933404324 (2001).

Acknowledgements
This work was supported by Consejo Nacional de Investigaciones Científicas y Técnicas (CONICET) [Grant 
number112-2012-0100471 and PIP 114-2011-0100362], the Secretaría de Ciencia y Tecnología of the Universidad 
Nacional del Sur (UNS) [Grant numbers 24/N032, 24/ZN26] and MINECO (Spain) [project CTQ2015-66313-R 
and CTQ2015-66954-P MINECO/FEDER]. Dr. Ponzoni did this work as a visiting researcher at the Centro de 
Investigaciones Biológicas (CIB-CSIC) at Madrid (Spain). The authors would like to express their acknowledgment 
to the 6° Programa de Movilidad Docente a Madrid of the Secretaría de Políticas Universitarias (SPU), Ministerio 
de Educación de la República Argentina, for their economic support given for Dr. Ponzoni’s visit. Víctor Sebastián-
Pérez acknowledges a predoctoral fellowship from MINECO [FPU15/01465].

Author Contributions
I.P. and N.E.C. conceived the study, conducted the experiments, analyzed the results and drafted the paper. V.S.P., 
C.R.T. and C.R performed the drug-like properties calculation, similarity assessments and the discussion of 
the importance of the parameters. M.J.M. obtains the HIA regression models computed from random subsets 
of descriptors and programmed the data pre-processing required for VIDEAN web-server. F.C. and M.F.D. 
performed the visual analytic study using VIDEAN software and the discussion about relationships among the 
molecular descriptors selected for the QSAR models. J.A.P. collected the dataset (BBB and HIA) and analyzed the 
results. R.G.A. and J.A. are the responsible of the ee% data and discussed the results. All authors reviewed and 
approved the manuscript.

http://dx.doi.org/10.1002/qsar.200960053
http://dx.doi.org/10.3390/molecules171214937
http://dx.doi.org/10.1016/j.chemolab.2014.09.009
http://dx.doi.org/10.2390/biecoll-jib-2016-286
http://dx.doi.org/10.1002/qsar.200710019
http://dx.doi.org/10.1016/j.bmc.2008.04.036
http://dx.doi.org/10.1016/j.ejmech.2009.11.034
http://dx.doi.org/10.1145/1656274
http://dx.doi.org/10.1021/ci400573c
http://dx.doi.org/10.1016/S0169-409X(00)00129-0
http://dx.doi.org/10.1016/S0169-409X(00)00129-0
http://dx.doi.org/10.1186/s13321-015-0092-4
http://dx.doi.org/10.1016/j.jpba.2005.03.008
http://dx.doi.org/10.1021/jm980313t
http://dx.doi.org/10.1002/anie.v48:25
http://dx.doi.org/10.1021/jo0491004
http://dx.doi.org/10.1021/cr020027w
http://dx.doi.org/10.1016/j.crci.2007.01.004
http://dx.doi.org/10.1002/anie.200605113
http://dx.doi.org/10.1021/ar9002152
http://dx.doi.org/10.1039/c0sc00234h
http://dx.doi.org/10.1016/j.jmgm.2010.05.008
http://dx.doi.org/10.1016/j.jmgm.2010.05.008
http://dx.doi.org/10.1021/ci100062n
http://dx.doi.org/10.1021/ja9621760
http://dx.doi.org/10.1023/A:1010933404324


www.nature.com/scientificreports/

1 9Scientific Reports | 7: 2403  | DOI:10.1038/s41598-017-02114-3

Additional Information
Supplementary information accompanies this paper at doi:10.1038/s41598-017-02114-3
Competing Interests: The authors declare that they have no competing interests.
Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2017

http://dx.doi.org/10.1038/s41598-017-02114-3
http://creativecommons.org/licenses/by/4.0/

	Hybridizing Feature Selection and Feature Learning Approaches in QSAR Modeling for Drug Discovery

	Results

	QSAR models for blood-brain-barrier (BBB). 
	Data set. 
	Drug-like properties calculation and similarity assessment. 
	Molecular Descriptor Subsets selection and QSAR models inference. 

	QSAR models for human intestinal absorption (HIA). 
	Dataset. 
	Drug-like properties calculation and similarity assessment. 
	Molecular Descriptor Subsets selection and QSAR models inference. 
	Statistical significance of CTHIA descriptors contribution to the combined model M5HIA ∪ CTHIA. 

	QSAR models for enantiomeric excess (EE). 
	Drug-like properties calculation and similarity assessment. 
	Molecular Descriptor Subsets selection and QSAR models inference. 

	Impact of the Hybridization Approach. 
	Impact of the WEKA training method used for inferring the QSAR models. 

	Discussion

	Materials and Methods

	Preparation of Databases. 
	Ligand preparation. 
	Drug-like properties calculation. 
	Similarity calculations. 

	Software used for Processing Molecular Descriptors. 
	WEKA Machine Learning Methods used for Inferring Regression and Classification Models. 
	CODES software. 

	Acknowledgements

	Figure 1 Scheme of the in silico experiments reported for the prediction of blood-brain-barrier (BBB), human intestinal absorption (HIA) and enantiomeric excess (EE).
	Figure 2 Physicochemical and structural representation of the BBB dataset.
	Figure 3 Redundancy analysis among the molecular descriptors that conforms the model M13BBB.
	Figure 4 Physicochemical and structural representation of the HIA dataset.
	Figure 5 Mutual information analysis among the molecular descriptors that conform the M5HIA ∪ CTHIA model.
	Figure 6 Correlation analysis among the molecular descriptors that conforms the model M9HIA.
	Figure 7 Accuracy frequency values for QSAR regression models computed using random combined subsets of descriptors.
	Figure 8 Physicochemical representation of the EE dataset.
	Figure 9 Mutual information among the substrate and ligand descriptors computed by CODES-TSAR (CTEE subset).
	Figure 10 Relationship among the molecular descriptors computed by CODES-TSAR (CTEE subset) and the target property.
	Figure 11 Number of experimental scenarios where QSAR models obtained by combined subsets improve the performance of the QSAR models inferred by individual subsets.
	Figure 12 Values and functions assigned by CODES.
	Table 1 Metrics of the best QSAR models for each dataset.
	Table 2 Molecular descriptors subsets used for inferring the blood-brain-barrier QSAR models.
	Table 3 Molecular descriptor subsets used for inferring the human intestinal absorption QSAR models.
	Table 4 Molecular descriptor subsets used for inferring the QSAR models for enantiomeric excess.
	Table 5 Discretization criteria for target properties.




