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Abstract
Imbalanced datasets, comprising of more inactive compounds relative to the active ones, are a common challenge in ligand-
based model building workflows for drug discovery. This is particularly true for neglected tropical diseases since efforts to 
identify therapeutics for these diseases are often limited. In this report, we analyze the performance of several undersampling 
strategies in modeling the Dengue Virus 2 (DENV2) inhibitory activity, as well as the anti-flaviviral activities for the West 
Nile (WNV) and Zika (ZIKV) viruses. To this end, we build datasets comprising of 1218 (159 actives and 1059 inactives), 
1044 (132 actives and 912 inactives) and 302 (75 actives and 227 inactives) molecules with known DENV2, WNV and 
ZIKV inhibitory activity profiles, respectively. We develop ensemble classifiers for these endpoints and compare the perfor-
mance of the different undersampling algorithms on external sets. It is observed that data pruning algorithms yield superior 
performance relative to data selection algorithms. The best overall performance is provided by the one-sided selection 
algorithm with test set balanced accuracy (BACC) values of 0.84, 0.74 and 0.77 for the DENV2, WNV and ZIKV inhibitory 
activities, respectively. For the model building, we use the recently proposed GT-STAF information indices, and compare 
the predictivity of 3 molecular fragmentation approaches: connected subgraphs, substructure and alogp atom types, which 
are observed to show comparable performance. On the other hand, a combination of indices based on these fragmentation 
strategies enhances the predictivity of the built ensembles. The built models could be useful for screening new molecules 
with possible DENV, WNV and ZIKV inhibitory activities. ADMET modelers are encouraged to adopt undersampling 
algorithms in their workflows when dealing with imbalanced datasets.
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GT-STAF IFI	� Graph Theoretical Thermodynamic STAte 
Functions Information Index

QSAR	� Quantitative structure–activity 
relationships

Introduction

Neglected tropical diseases (NTDs), also known as forgotten 
diseases, are communicable diseases that affect more than 
1 billion people in developing countries of the tropical and 
sub-tropical regions [1]. Examples of NTDs include dengue, 
chikungunya, leishmaniasis, trypanosomiasis and chagas, 
among others. Typically, NTDs lack effective treatment and 
research efforts to identify therapeutics for these diseases 
are often limited.

In the specific case of dengue fever (DF), this is a viral 
mosquito-borne disease affecting over 390 million people 
worldwide. Many Dengue Virus (DENV) infections are 
asymptomatic, although cases that result in clinical mani-
festations may exasperate into potentially lethal forms of 
DF, denominated as dengue hemorrhagic fever (DHF) and 
dengue shock syndrome (DSS), which are responsible for 
approximately 22,000 deaths annually [2].

Although genotypically related, there are five antigeni-
cally different DENV serotypes, denominated as DENV1, 
DENV2, DENV3, DENV4 and the recently discovered 
DENV5 [3]. Individuals infected by DENV gain immunity 
against the serotype responsible for the infection but there is 
limited cross-serotype immunity. On the contrary, an infec-
tion by a particular serotype seems to expose the patients to 
a more pronounced risk of developing severe forms of the 
disease on infection by a different serotype, a mechanism 
known as antibody-dependent enhancement (ADE) [4]. This 
clinical condition underscores the need for a broad-spec-
trum DENV therapy. Unfortunately, there is currently no 
clinically approved antiviral drug for DENV infections and 
thus palliative treatment is employed to overcome the symp-
toms of this disease. Recently, a tetravalent serotype DENV 
vaccine was approved for use in Brazil, Mexico and other 
countries in the endemic regions. However, there is already 
need to go back to the drawing board as a new serotype 
has appeared [5]. Additionally, there is clinical evidence 
suggesting that individuals to whom this vaccine has been 
administered may develop severe forms of DF upon their 
first DENV infection, which casts a cloud of uncertainty on 
its earnest applicability [6].

Efforts to develop small molecule or peptide therapeu-
tics for DENV continue, although these have mainly used 
high throughput screening or followed in silico structure-
based workflows with corresponding experimental vali-
dations. Nonetheless, these have not been translated into 
clinically useful therapeutics; for a detailed treatise of the 

recent academic and/or industrial undertaking towards the 
discovery of DENV therapeutics, see ref [7]. As it is often 
the case for neglected or new diseases, only few truly active 
DENV inhibitors have been reported in the literature, in a 
stark contrast to the 1000 s of inactive DENV inhibitors. 
Consequently, building robust and statistically meaningful 
DENV inhibitory activity models for virtual screening has 
been a challenge, which probably explains why ligand-based 
workflows for the discovery of DENV therapeutics are rare. 
Indeed, to the best of our knowledge, no DENV activity 
regression/classification model built over a structurally 
diverse dataset and considering all mechanisms of actions 
has been reported so far.

Imbalanced datasets, characteristically comprising of 
many more inactive compounds than the active ones, are 
a common challenge in ligand-based model building work-
flows. Often, a quick and simple solution to this challenge 
is balancing the chemical compound dataset by reducing the 
size of the set of inactive compounds, using techniques such 
as cluster analysis, principal component analysis or similar-
ity/dissimilarity analysis [8]. However, these dimensionality 
reduction methods may result in an inefficient mapping of 
the inactive chemical compound space as the set of active 
compounds determines the cut-off to be employed. Cost-
sensitive learning algorithms, such as penalized support 
vector machine (SVM) or Adacost (cost-sensitive AdaBoost 
ensemble), in which the misclassification of the active com-
pounds is penalized have also been employed [9]. Neverthe-
less, since these follow a corrective feedback strategy, it is 
difficult to determine the influence of different class distri-
butions on the classifier’s performance [10, 11]. Other pos-
sible strategies for dealing with imbalanced datasets include: 
oversampling the active compounds or undersampling the 
inactive compounds. However, it has been argued that rep-
licating active instances (oversampling) increases the risk of 
overfitting, while undersampling may result in an inadequate 
use of key chemical structural-activity information [12].

The goal of the present manuscript is to explore the per-
formance of the different undersampling algorithms, i.e. ran-
dom sampling, cluster centroids, near miss1, near miss2, 
near miss3, edited nearest neighbors, repeated edited nearest 
neighbors, all KNN and one sided selection, respectively, in 
modeling the DENV2 inhibitory activity. It should be noted 
that while undersampling algorithms have long existed in 
machine learning, their use in (Q)SPR (Quantitative Struc-
ture Property Relationships) modeling is rather uncommon. 
Indeed an extensive review of the literature yielded only 
a few reports in which undersampling was employed, and 
these were limited to the random undersampling algorithm 
exclusively [13–15].

Moreover, given the conserved nature of the DENV2 
inhibition targets in pathogenic viruses of the Flaviviridae 
family, coupled with the recent resurgence and spread of 
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other flaviviral infections, particularly, Zika and West Nile 
fever in the Americas and Asia, we sought to also model the 
inhibitory activities for these flaviviruses, in order to com-
pare the performance of the different undersampling algo-
rithms considering different anti-flaviviral endpoints. Cur-
rently, no vaccine or effective antiviral treatment for WNV or 
ZKV infections is available for clinical use, although some 
molecular entities are currently under preclinical evaluation 
[16, 17]. It is thus essential that continued efforts to develop 
robust methods and tools for screening for new molecular 
entities with possible anti-flaviral activity are carried out.

One of the factors that may influence the performance 
of ligand-based models is the adequacy of the algorithms 
that characterize the chemical structural features. Herein, we 
employ the recently proposed GT-STAF (Graph Theoreti-
cal Thermodynamic STAte Functions) information indices, 
motivated by the metaphoric consideration of molecular 
structures as communication systems [18–22], to codify the 
chemical structural information. These information indices 
(IFIs) are based on the partition of molecular structures 
using graph-theoretic, molecular fingerprints and atomic 
physicochemical properties models, followed by the analysis 
of the statistical patterns of the obtained sets of molecular 
fragments. Although previous studies on the performance 
of these IFIs showed comparable to superior performance 
relative to popular academic and commercial descriptor 
computing software, these studies were based on small and 
congeneric datasets [18–24]. In this sense, this is the first 
study in which the utility of the proposed IFIs in codifying 
relevant chemical structural information is evaluated on a 
large and diverse chemical compound dataset.

Materials and methods

Chemical compound dataset

A detailed review of the literature was performed and chemi-
cal compounds with known DENV2, WNV and ZIKV activ-
ity profiles retrieved. In order to guarantee adequate data-
set quality, the results obtained from raw natural product 
extracts were not considered due to the possible interference 
in the assays. Moreover, virtual screening results that lacked 
the corresponding experimental validation were discarded. 
The PubChem repository was also explored and chemi-
cal compounds with reported DENV2 and WNV activity 
profiles extracted from high throughput assays with clearly 
defined and validated endpoints; the chemical compound 
dataset for ZIKV inhibitory activity was retrieved from ref 
[25]. For the DENV2 and WNV inhibitory activities, com-
pounds with IC50 or EC50 values ≤ 10 μM were considered 
as active, while those with IC50 or EC50 values > 10 μM were 
flagged as inactive. As for ZIKV a less stringent cutoff was 

employed, i.e. compounds with AC50 ≤ 20 μM were consid-
ered as active, otherwise they were flagged as inactive.

Descriptor calculation and feature selection

The chemical compounds comprising the built datasets were 
characterized using a series of IFIs implemented in the freely 
available GT-STAF module of the ToMoCOMD-CARDD 
(acronym for Topological Molecular Computational Design-
Computer Aided Rational Drug Design) software [26]. The 
following configurations were considered in the computa-
tion of the GT-STAF IFIs: three molecular fragmentation 
models, i.e. connected subgraphs (CS), substructure finger-
prints (SS) and hydrophobicity atom-types (ALOGP), rep-
resentative of graph-theoretic, molecular fingerprints and 
atomic physicochemical properties models, respectively, 
were selected. For these fragmentation models, unweighted 
and weighted, total and local, Shannon’s entropy and mutual 
information indices were computed. Additionally, generali-
zations of the linear combination of atomic contributions 
to obtain global molecular indices were employed based on 
several aggregation operators stratified in four groups, i.e. 
norms, means, statistical invariants and classical algorithms. 
For a detailed treatise of the theoretical structure of the GT-
STAF indices, see Ref. [27].

As it may be anticipated, numerous GT-STAF IFIs were 
obtained and thus dimensionality reduction procedures were 
necessary. Firstly, a Pearson’s correlation coefficient-based 
filter, using a R2 cutoff value of 0.60 was employed and thus 
retaining less correlated variables for each molecular frag-
mentation model. Subsequently, the information gain (IG), a 
supervised feature selection filter, was applied to the retained 
set of variables and ranked according to their discrimina-
tive capacity of the active compounds from the inactives. 
Finally, the best 100 variables for the CS, SS and ALOGP 
fragmentation models, as well as a combination of these 
(i.e. all GT-STAF indices) were selected for the subsequent 
ensemble model building. For the IG based feature selection, 
the IMMAN software was employed [28].

Ensemble model building and undersampling 
algorithms

In the present study, we employed the support vector 
machine (SVM) and the radial base function as learning 
algorithm and kernel method, respectively. Figure 1 is a 
scheme illustrating the workflow followed in the ensemble 
SVM model construction.

A tenfold random splitting of the built dataset into train-
ing (75%) and external validation (25%) sets was performed 
and for each fold, the training set was subject to an n-fold 
undersampling [n = imbalance ratio × 2; imbalance ratio = n(
inactives)/n(actives)] using the following strategies: random 
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sampling, cluster centroids, near miss1, near miss2, near 
miss3, edited nearest neighbors, repeated edited nearest 
neighbors, all KNN (k - nearest neighbors) and one sided 
selection. Random undersampling is a quick and straightfor-
ward approach for obtaining a balanced dataset in that a sub-
set of instances is randomly selected for the targeted classes. 
On the other hand, the cluster centroids strategy employs 
the K-means algorithm to stratify the data into clusters, and 
subsequently use the centroids generated by this algorithm 
(rather than the original samples) to represent the obtained 
clusters with a reduced number of instances. The near miss 
strategies are based on the nearest neighbors algorithm [29]; 
for the near miss1 variant a set of N instances in the larger 
class with the smallest average distance relative to the clos-
est instances of the minority class is selected, while for the 
near miss2 approach the smallest average distance to the 
farthest instances of the minority class is considered. As 
for the near miss3, given an instance in the minority class, 
a set of K nearest-neighbors is selected and then instances 
in the majority class are selected based on the largest aver-
age distance to the N nearest neighbors. The edited nearest 
neighbors and repeated edited nearest neighbors strate-
gies employ the nearest-neighbors algorithm to eliminate 
instances from the larger class that are not consistent with 
a given neighborhood. If the nearest neighbors belong the 

same class then the instance is retained, otherwise it is 
removed from the dataset. In the case of the latter, iterations 
over this algorithm are performed, generally resulting in the 
removal of more instances from the dataset. The all KNN 
strategy differs from the repeated edited nearest neighbors 
in that the number of nearest neighbors to be evaluated is 
increased for each iteration [21]. In the one sided selection 
method, only examples in the majority class are removed 
while all minority class examples are kept. This method uses 
the 1-nearest neighbor rule and the Tomek links to prune out 
examples from the majority class. Tomek links are defined 
as follows: Given two instances, active and inactive, let δ 
(active, inactive) denote the distance between the 2 instances 
of different classes. The pair (active, inactive) is designated 
as a Tomek link, if there is no any instance (conveniently 
denominated mol), whose δ (active, mol) < δ (active, inac-
tive) or δ (mol, inactive) < δ (inactive, active). In the one-
sided selection method, the instances in the majority class 
involved in the Tomek links are pruned out since they could 
be noisy or borderline examples.

For each data subset, obtained following the aforemen-
tioned undersampling algorithms, an SVM base classifier 
was constructed, which in turn contributed to the ensemble 
SVM classifier. The majority vote criterion was selected as 
the consensus scheme.

Fig. 1   Workflow of the under-
sampling protocol followed in 
the present study. This proce-
dure was carried out for each of 
the nine undersampling strate-
gies evaluated herein, based 
on the CS, SS and ALOGP 
molecular fragmentation mod-
els, as well as a combination of 
these; n = imbalance ratio ×  2
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Ensemble model validation

The constructed ensemble classifiers were subjected to a 
tenfold external validation using data sets obtained prior 
to the undersampling protocol (i.e. the validation sets were 
not obtained from the resulting under sampled data). In 
our opinion, this approach provides an earnest validation 
of the built models, since some undersampling strategies 
(e.g. the edited nearest neighbor and one sided selection 
algorithms) apply some sort of supervised stratification of 
the data. The performance of the ensemble classifiers was 
assessed using the classification metrics: balanced accuracy 
(BACC), Mathew’s correlation coefficient (MCC) and Pre-
cision (PR), respectively. These classification metrics are 
defined as follows:

where TP, TN, FP and FN are true positive, true negative, 
false positive and false negative, respectively. The average 
BACC, MCC and PR values were computed as the arithme-
tic mean over the tenfold external validation sets. Moreover, 
the application domain (AD) of each classifier in the ensem-
ble was determined using the leverage criterion, based on 
the Euclidean distance relative to the center of the molec-
ular descriptors’ space. For each model in the ensemble, 
the number of compounds within the respective AD was 
determined yielding a vector of values. Subsequently, the 
minimum value in the vector was defined as the number of 
compounds within the ensemble’s AD. All the undersam-
pling workflows, as well as the SVM model building and 
validation were performed using an in-house python script, 
which has been provided as Supplementary information S1.

Results

Chemical compound datasets

For the DENV inhibitory activity, a dataset comprising 
of 1218 compounds (159 actives and 1059 inactives), 
was retrieved from an extensive literature review [7, 30]. 

(1)

BACC =
1

2

[

TP

(TP + FN)
+

TN

(TN + FP)

]

=
1

2

[

Sensitivity + Specificity
]

(2)MCC =
TP × TN − FP × FN

√

(TP + FP)(TP + FN)(TN + FP)(TN + FN)

(3)PR =
TP

TP + FP

As it is evident, this dataset is characteristically imbal-
anced, with an imbalance ratio of 7 (1059/159). The set of 
active compounds comprises all mechanisms of DENV2 
inhibitory activity reported to date: entry inhibitors, NS3 
helicase inhibitors, NS2B-NS3 protease inhibitors, NS4B 
inhibitors, capsid protein inhibitors, NS5 methyltrans-
ferase inhibitors, NS5 Polymerase inhibitors, NS5 nuclear 
localization blockers, ligands targeting host cell factors 
and a subset of ligands without confirmed mechanisms.

As for the WNV, a dataset of 1044 compounds (132 
actives and 912 inactives) was constructed, yielding 
an imbalance ratio of 7 (912/132) [31–36]. The active 
compounds included NS2B-NS3 proteinase inhibitors, 
NS5 N-terminal capping enzyme (CE) activity inhibitors 
and a series of inhibitors with undetermined mechanisms 
as they were identified using the Vero E6 cells viability 
assay.

The dataset for ZIKV inhibitory activity comprised of 
302 compounds (75 actives and 227 inactives) screened 
for their caspase-3 inhibitory activity; this dataset had 
an imbalance ratio of 3 (227/75). The actives included 
compounds with neuroprotective activity (thus capable of 
preventing ZIKV induced cell death) and suppressors of 
ZIKV replication (i.e. antivirals).

As may be evident, these datasets comprise chemical 
compounds encompassing several activity mechanisms, 
which is a desirable attribute in that models built over a 
diverse bioactivity space favor the identification of new 
multi-target molecular entities through virtual screening 
experiments.

Feature selection and ensemble SVM classifiers

Ensemble SVM classifiers

For each inhibitory activity, balanced datasets were ran-
domly extracted for each event (i.e. CS, SS, ALOP, respec-
tively), as well as a combination of these. Subsequently, 
each balanced dataset (denominated One Sample hence-
forth) was employed to determine the optimum number of 
features for the SVM base classifiers, as well as the kernel 
configuration parameters (i.e. γ and C). These model set-
tings were then fixed for the ensuing comparisons of the 
different undersampling strategies. Table 1 shows the num-
ber of base classifiers comprising the ensemble models for 
each event and their combinations (all GT-STAF indices), 
as well as the corresponding γ and C parameters for the 
SVM base classifiers.
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DENV inhibitory activity

Table 2 shows the average performance of the DENV inhibi-
tory activity ensemble models on external validation sets 
based on the BACC, MCC and PR, respectively, for the three 
molecular fragmentation models, as well as combinations 
of these.

It is interesting to note that while generally comparable 
BACC (0.73–0.84) is obtained for all SVM models, dis-
similar performance is observed for the other validation 
parameters, underscoring the role of the different under-
sampling strategies in the performance of the models. In 
the case of the CS-based models, the random, cluster cen-
troids and near miss undersampling strategies yield good 
BACC (0.75–0.85) and modest MCC (0.35–0.55), but their 
PR values (0.28–0.47) are below the limit of acceptability, 
an indication of a high number of false positives (see Eq. 3). 
On the other hand, the edited nearest neighbors, repeated 
edited nearest neighbors, all KNN and one sided selection 
yield good performance for all metrics (ACC = 0.80–0.83, 
MCC = 0.65–0.70 and PR = 0.72–0.88 SP = 0.99), with 
a slightly better performance provided by the One Sided 
Selection algorithm (ACC = 0.80, MCC = 0.70, PR = 0.88). 
Overall, the near miss approaches yield the least favorable 
performance for all the considered parameters.

Likewise, the SS molecular fragmentation models 
based on the random and cluster centroid undersampling 
approaches yield good BACC (0.82–0.83) and MCC 
(0.67–0.78) values, while their corresponding PR val-
ues (0.44–0.45) are below the random threshold. For 
the near miss algorithms, with the exception of the good 

BACC values (0.76–0.77), modest to rather poor perfor-
mance is observed with the rest of the parameters, with 
MCC = 0.34–0.38 and PR = 0.26–0.28, respectively. Con-
versely, the edited nearest neighbors, repeated edited near-
est neighbors, all KNN and one sided selection yield good 
quality classifiers (BACC = 0.80–0.81, MCC = 0.64–0.70 
and PR = 0.66–0.87), with the best performance pro-
vided by the one sided selection algorithm (BACC = 0.80, 
MCC = 0.70, PR = 0.87). In the case of the ALOGP model, 
the random, cluster centroid and near miss algorithms yield 
good BACC (0.73–82) and modest MCC (0.32 - 0.49), 
while the PR is once again below the limit of acceptability 
(0.26–0.40). As in the CS and SS models, the edited near-
est neighbors, repeated edited nearest neighbors, all KNN 
and one-sided selection yield the best performance with 
BACC = 0.77–0.82, MCC = 0.57–0.65 and PR = 0.55–0.86. 
Similar to the aforementioned models, the classifiers com-
prising all the GT-STAF index types show modest to good 
BACC (0.78–0.85) and MCC (0.39–0.57) for the random, 
cluster centroid and near miss algorithms, while the PR val-
ues (0.30–0.49) are unsatisfactory. On the other hand, the 
edited nearest neighbors, repeated edited nearest neighbors, 
all KNN and one sided selection yield robust ensembles with 
BACC = 0.84–0.86, MCC = 0.71–0.72 and PR = 0.74–0.83, 
respectively. Note that the best overall DENV inhibitory 
activity classifier is provided by the one sided selection 
algorithm based on all GT-STAF indices with BACC = 0.84, 
MCC = 0.72 and PR = 0.83, respectively.

WNV inhibitory activity

Table 3 shows the average performance of the WNV inhibi-
tory activity ensemble models assessed over tenfold exter-
nal validation sets in terms of the BACC, MCC and PR, 
respectively.

For the CS-based classification models, it is observed 
that while the random and cluster centroids algorithms yield 
acceptable BACC (0.73–0.77) and MCC (0.34–0.42), their 
PR values (0.31–0.37) are low, indicating a higher number 
of FP (see Eq. 3). The near miss algorithms-based ensem-
bles are of even much lower quality, evidenced by the rather 
unfavorable PR values (0.14–0.15) and nearly random clas-
sification performance (MCC = 0.16–0.17). An improvement 
of the MCC and PR is achieved with the nearest neighbor 
algorithms, although only the edited nearest neighbors algo-
rithm achieves globally acceptable classifiers (BACC = 0.73, 
MCC = 0.48, PR = 0.57). The best overall performance for 
the CS-based classifiers is obtained with the one-sided 
selection algorithm with BACC = 0.73, MCC = 0.53 and 
PR = 0.69.

For the SS-based ensemble models, only the edited 
nearest neighbors and one-sided selection provide PR 
values above the limit of acceptability, i.e. 0.56 and 0.75, 

Table 1   Configuration parameters and number of SVM base classifi-
ers comprising the ensemble models for the DENV, WNV and ZIKV 
inhibitory activity

No of base clas-
sifiers

Gamma (γ) C

DENV inhibitory activity
 CS 14 0.039 6.0
 SS 14 0.051 6.0
 ALOGP 14 0.050 4.0
 All GT-STAF 14 0.039 8.0

WNV inhibitory activity
 CS 14 0.076 6.0
 SS 14 0.061 4.0
 ALOGP 14 0.056 5.0
 All GT-STAF 14 0.056 5.0

ZIKV inhibitory activity
 CS 6 0.024 8.0
 SS 6 0.027 8.0
 ALOGP 6 0.036 7.0
 All GT-STAF 6 0.024 8.0
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respectively. The rest of the parameters are similar to those 
obtained by the CS-based models, with the near miss algo-
rithms providing the worst overall performance.

A similar trend is observed with the ALOGP and all GT-
STAF indices ensemble models with only the edited near-
est neighbors, all KNN and one-sided selection yielding 

Table 2   Test set validation 
parameters of the built ensemble 
classifiers for predicting the 
DENV2 inhibitory activity, 
based on nine undersampling 
algorithms and the CS, SS 
and ALOGP molecular 
fragmentation models, as well 
as a combination of these (all 
GT-STAF indices)

Parameters of the best models are indicated in bold
a AD applicability domain, out of 305 test set compounds

Balanced Acc. MCC Precision ADa

Connected sub-graphs
 One sample 0.83 0.50 0.41 291
 Random 0.85 0.55 0.47 294
 Cluster centroids 0.81 0.46 0.46 299
 Near Miss1 0.80 0.43 0.33 288
 Near Miss2 0.78 0.39 0.31 288
 Near Miss3 0.75 0.35 0.28 289
 Edited nearest neighbors 0.80 0.65 0.75 300
 Repeated edited nearest neighbors 0.83 0.67 0.72 299
 All KNN 0.81 0.66 0.75 300
 One sided selection 0.80 0.70 0.88 298

Substructure fingerprints
 One sample 0.80 0.47 0.40 295
 Random 0.82 0.51 0.45 295
 Cluster centroids 0.83 0.51 0.44 297
 Near Miss1 0.77 0.38 0.29 293
 Near Miss2 0.76 0.36 0.28 294
 Near Miss3 0.76 0.34 0.26 293
 Edited nearest neighbors 0.81 0.67 0.77 294
 Repeated edited nearest neighbors 0.83 0.64 0.66 291
 All KNN 0.83 0.65 0.69 293
 One sided selection 0.80 0.70 0.87 293

Alogp atom types
 One sample 0.81 0.47 0.38 295
 Random 0.82 0.49 0.40 295
 Cluster centroids 0.81 0.45 0.37 298
 Near Miss1 0.75 0.34 0.28 293
 Near Miss2 0.75 0.36 0.30 291
 Near Miss3 0.73 0.32 0.26 290
 Edited nearest neighbors 0.77 0.57 0.67 299
 Repeated edited nearest neighbors 0.82 0.58 0.55 298
 All KNN 0.79 0.56 0.60 299
 One sided selection 0.77 0.65 0.86 298

All GT-STAF indices
 One sample 0.82 0.49 0.41 295
 Random 0.85 0.57 0.49 295
 Cluster centroids 0.85 0.55 0.45 298
 Near Miss1 0.80 0.43 0.35 293
 Near Miss2 0.78 0.40 0.32 292
 Near Miss3 0.78 0.39 0.30 292
 Edited nearest neighbors 0.86 0.71 0.74 294
 Repeated edited nearest neighbors 0.84 0.68 0.73 296
 All KNN 0.84 0.68 0.72 296
 One sided selection 0.84 0.72 0.83 296
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PR parameters superior to random performance (> 50%). 
The PR values for the ALOGP-based classifiers are 0.58 
(edited nearest neighbors), 55 (all KNN) and 0.76 (one-sided 

selection), while those for the GT-STAF-based ensembles 
are 0.58 (edited nearest neighbors), 0.50 (all KNN) and 0.64 
(one-sided selection), respectively.

Table 3   Test set validation 
parameters of the built ensemble 
classifiers for predicting the 
WNV inhibitory activity, 
based on nine undersampling 
algorithms and the CS, SS 
and ALOGP molecular 
fragmentation models, as well 
as a combination of these (all 
GT-STAF indices)

Parameters of the best models are indicated in bold
a AD applicability domain, out of 261 test set compounds

Balanced Acc. MCC Precision ADa

Connected sub-graphs
One sample 0.75 0.36 0.30 248
 Random 0.77 0.42 0.37 248
 Cluster centroids 0.73 0.34 0.31 251
 Near Miss1 0.61 0.17 0.17 195
 Near Miss2 0.61 0.16 0.15 196
 Near Miss3 0.62 0.17 0.15 190
 Edited nearest neighbors 0.73 0.48 0.59 255
 Repeated edited nearest neighbors 0.73 0.43 0.47 255
 All KNN 0.73 0.42 0.46 255
 One sided selection 0.73 0.53 0.69 255

Substructure fingerprints
 One sample 0.71 0.29 0.27 249
 Random 0.72 0.32 0.29 249
 Cluster centroids 0.73 0.33 0.29 254
 Near Miss1 0.59 0.13 0.16 211
 Near Miss2 0.60 0.14 0.15 209
 Near Miss3 0.62 0.17 0.16 217
 Edited nearest neighbors 0.74 0.48 0.56 257
 Repeated edited nearest neighbors 0.72 0.36 0.38 256
 All KNN 0.72 0.41 0.45 256
 One sided selection 0.72 0.51 0.68 257

Alogp atom types
 One sample 0.71 0.31 0.29 242
 Random 0.74 0.37 0.35 242
 Cluster centroids 0.75 0.34 0.28 253
 Near Miss1 0.62 0.16 0.16 207
 Near Miss2 0.62 0.16 0.17 212
 Near Miss3 0.61 0.15 0.17 208
 Edited nearest neighbors 0.76 0.52 0.58 252
 Repeated edited nearest neighbors 0.75 0.42 0.41 252
 All KNN 0.75 0.49 0.55 250
 One sided selection 0.74 0.58 0.76 251

All GT-STAF Indices
 One sample 0.74 0.35 0.31 251
 Random 0.76 0.40 0.34 251
 Cluster centroids 0.73 0.34 0.31 254
 Near Miss1 0.61 0.16 0.18 211
 Near Miss2 0.59 0.13 0.15 205
 Near Miss3 0.61 0.16 0.16 207
 Edited nearest neighbors 0.75 0.50 0.57 256
 Repeated edited nearest neighbors 0.75 0.46 0.48 257
 All KNN 0.76 0.48 0.50 256
 One sided selection 0.74 0.53 0.64 256
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ZIKV inhibitory activity

Table 4 illustrates the average performance of the ZIKV 
inhibitory activity ensemble models evaluated over tenfold 

external validation sets and expressed in terms of the clas-
sification parameters BACC, MCC and PR, respectively.

The CS-based ensembles for ZIKV inhibitory activity 
yields satisfactory performance for the following algorithms: 

Table 4   Test set validation 
parameters of the built ensemble 
classifiers for predicting the 
ZIKV inhibitory activity, 
based on nine undersampling 
algorithms and the CS, SS 
and ALOGP molecular 
fragmentation models, as well 
as a combination of these (all 
GT-STAF indices)

Parameters of the best models are indicated in bold
a AD applicability domain, out of 76 test set compounds

Balanced Acc. MCC Precision ADa

Connected sub-graphs
 One sample 0.72 0.40 0.48 71
 Random 0.76 0.47 0.53 71
 Cluster centroids 0.79 0.49 0.47 73
 Near Miss1 0.68 0.32 0.43 63
 Near Miss2 0.66 0.28 0.42 61
 Near Miss3 0.65 0.26 0.37 61
 Edited nearest neighbors 0.75 0.45 0.51 74
 Repeated edited nearest neighbors 0.67 0.30 0.34 72
 All KNN 0.72 0.38 0.41 73
 One sided selection 0.72 0.45 0.57 73

Substructure fingerprints
 One sample 0.68 0.32 0.41 72
 Random 0.69 0.34 0.44 72
 Cluster centroids 0.72 0.39 0.45 72
 Near Miss1 0.66 0.28 0.41 64
 Near Miss2 0.64 0.25 0.38 62
 Near Miss3 0.60 0.17 0.31 64
 Edited nearest neighbors 0.67 0.27 0.34 73
 Repeated edited nearest neighbors 0.66 0.31 0.36 73
 All KNN 0.66 0.28 0.35 72
 One sided selection 0.72 0.46 0.65 73

Alogp atom types
 One sample 0.70 0.35 0.41 70
 Random 0.73 0.41 0.45 70
 Cluster centroids 0.716 0.38 0.45 72
 Near Miss1 0.63 0.22 0.35 67
 Near Miss2 0.63 0.23 0.35 66
 Near Miss3 0.65 0.25 0.34 66
 Edited nearest neighbors 0.73 0.41 0.43 73
 Repeated edited nearest neighbors 0.68 0.33 0.35 73
 All KNN 0.71 0.36 0.37 73
 One sided selection 0.69 0.38 0.52 74

All GT-STAF indices
 One sample 0.76 0.45 0.49 67
 Random 0.75 0.44 0.51 67
 Cluster centroids 0.73 0.41 0.48 69
 Near Miss1 0.68 0.32 0.43 58
 Near Miss2 0.68 0.32 0.42 58
 Near Miss3 0.66 0.29 0.41 56
 Edited nearest neighbors 0.73 0.39 0.42 72
 Repeated edited nearest neighbors 0.68 0.32 0.38 71
 All KNN 0.71 0.37 0.43 72
 One sided Selection 0.77 0.53 0.66 73
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random (BACC = 0.76, MCC = 0.47, PR = 0.53), edited near-
est neighbors (BACC = 0.75, MCC = 0.45, PR = 0.51) and 
one-sided selection (BACC = 0.72, MCC = 0.45, PR = 0.57). 
The models based on the rest of the undersampling algo-
rithms are inconsistent with the limits of model acceptance.

For the SS and ALOGP molecular fragmentation meth-
ods, only the ensemble based on the one-sided selection 
algorithm provides parameters above the limit of acceptabil-
ity, i.e. BACC = 0.72, MCC = 0.46 and PR = 0.65 in the case 
of the former, and BACC = 0.69, MCC = 0.38 and PR = 0.52 
for the latter. Lastly, the models yield based on a combi-
nation of GT-STAF indices yield good predictivity for the 
random (BACC = 0.75, MCC = 0.44 and PR = 0.51) and one 
sided selection (BACC = 0.77, MCC = 0.53 and PR = 0.66). 
Note that for all the models (based on the three molecular 
fragmentation approaches and combinations of these), the 
one-sided selection algorithm yields the best overall under-
sampling algorithm.

Applicability domain

Tables 2, 3, 4 illustrates the number of compounds within 
the AD for each of the reported ensemble classifiers. For the 
DENV inhibitory activity, the built models flagged 94–98% 
of the test set compounds as within the corresponding ADs. 
In the case of the WNV inhibitory activity classifiers, these 
have more dispersed AD ranges with 73–98% of the test 
compounds found to lie within the respective ADs; the 
near miss algorithms based on the CS molecular fragmen-
tation approach yield the lowest percentages (73–75%) of 
test compounds within the models’ ADs. Finally, the ZIKV 
inhibitory activity classifiers labelled 74–97% of the test 
set compounds as lying within the respective ADs, with 
the near miss algorithms based on all GT-STAF indices 
associated with the lowest percentages (74–76%). Overall, 
the built models encompassed the majority of the test com-
pounds within the corresponding ADs. It is also, important 
to note that besides yielding poor quality classifiers, the near 
miss algorithms had the highest number of test compounds 
(approx. 25%) identified to lie outside the respective ADs.

Discussion

Undersampling algorithms

From the obtained results, a distinction in performance is 
observed between data selection (i.e. random sampling, 
cluster centroids and near miss) and the data pruning (i.e. 
edited nearest neighbors, all KNN and one sided selec-
tion) algorithms for the modeled properties, with generally 
superior performance for the latter. The high number of 

false positives observed with the data selection algorithms 
is attributed to numerous boundary examples, which tend 
to induce an incorrect adjustment of the decision hyper-
plane, resulting in false predictions. Indeed, the near miss 
algorithms which show the worst performance for the three 
properties modeled herein are in general designed to favor 
the selection of sets of instances with the smallest average 
distances to the minority class which consequently pro-
duces numerous boundary examples for both the minority 
and majority classes. In the case of the cluster centroid 
algorithm, boundary examples are represented by similar 
“artificial examples” (centroids), and thus the same chal-
lenge persists. Moreover, it is important to highlight that 
the very use of centroids could result in loss of chemical 
structural formation. In fact, it is not clear what these arti-
ficial examples could mean from a molecular topostruc-
tural or topochemical perspective. As regards the random 
undersampling, the poor performance could be attributed 
to both the removal of potentially relevant data for model 
building and the presence of borderline examples.

On the other hand, the data pruning methods follow a 
supervised approach based on the nearest neighbor algo-
rithm in which wrongly classified examples (typically bor-
derline or noisy examples) in the larger class are flagged 
for removal. As a result, these algorithms yield non-over-
lapping distributions, which are suitable for classification 
model building. The findings reported herein are consist-
ent with some previous reports in the literature [37, 38].

Molecular fragmentation models

Finally, in the analysis of the different molecular fragmen-
tation models, comparable performance is obtained with 
the CS, SS and ALOGP approaches, notwithstanding the 
minor edge for the CS approach in the case of the DENV 
and ZIKA inhibitory activities, and ALOGP for the WNV 
inhibitory activity ensembles. Moreover, combining the 
different molecular fragmentation approaches (i.e. all GT-
STAF indices) enhances the performance of these indices 
in modeling the considered flaviviral inhibitory activities. 
Based on the satisfactory results reported here in, it may 
be inferred that GT-STAF IFIs codify important chemical 
structural information useful in the modeling of the bio-
activity of chemical compounds.

Conclusions

Machine learning methods have increasingly gained 
greater acceptability in drug discovery and molecular mod-
eling due to their capacity to provide accurate predictions 
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of the ADMET profiles of chemical compounds. However, 
machine learning-based models are, among other factors, 
“as good as the data used to build them”. This becomes 
an enormous challenge when dealing with the so-called 
neglected diseases, since often few positive training exam-
ples are available. Moreover, with the usually high attri-
tion rates in drug discovery initiatives [39], negative train-
ing examples are often several folds more than the positive 
ones. Consequently, modelers or drug hunters regularly 
need to deal with imbalanced datasets. While the option 
usually adopted is to discard majority class examples 
through random or dimensionality reduction procedures 
to obtain a balanced dataset, this results in the loss of 
volumes of potentially valuable information on profiles 
of negative ligands. In the present manuscript, we com-
pare the performance of several undersampling criteria in 
the modeling of the DENV2, WNV and ZIKV inhibitory 
activities. It is found that the data pruning undersampling 
algorithms (edited nearest neighbors, all KNN and one 
sided selection) generally provide superior performance 
if compared to that obtained with the data selection algo-
rithms (random sampling, cluster centroids and near miss), 
with the best overall performance provided by the one-
sided selection algorithm, while the near miss algorithms 
yield the worst performance for all the three bioactivities. 
The superior performance of the data pruning algorithms 
is attributed to their inherent capacity to eliminate bor-
derline and/or noisy examples along the decision bound-
ary, while the near miss algorithms in principle favor the 
selection of examples at closer distances to the minority 
class. Moreover, a comparison of the CS, SS and ALOGP 
molecular fragmentation models is carried out and similar 
statistical quality is observed, while combining the three 
approaches enhances the performance of the GT-STAF 
formalism. In light of the good performance obtained 
with the ensemble classifiers, it is our opinion that the 
results here obtained should stimulate screening initiatives 
for new molecular entities with possible DENV2, WNV 
and ZIKV inhibitory activities. Finally, drug hunters and 
ADMET modelers, in general, are encouraged to adopt 
undersampling algorithms in their modeling workflows.
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