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Abstract

Inhibition of the human-ether-a-go-go-related gene (hERG) channel by small-molecule compounds induces prolongation of the QT interval and
an arrhythmia called torsades de pointes, resulting in significant cardiac toxicity. Therefore, it is important to evaluate the effects of hERG in the
early stage of the drug discovery process. In recent years, hERG-related bioactivity information has been extracted from public databases, and
machine learning has been used to develop predictive models of hERG inhibition. However, many of these models predicting hERG inhibition have
the risk of biased accuracy in sensitivity and specificity, and overestimation of accuracy and ROC-AUC due to an imbalance between on inhibitors
and non-inhibitors in the data set. In this study, we obtained the hERG assay information from an integrated database consisting of four public
databases on cardiotoxicity and constructed the model. To examine the effect of inhibitor and non-inhibitor imbalance in the data set, we performed
Borderline SMOTE, which is one of the oversampling methods. The model constructed by XGBoost, a type of gradient boosting machine (GBM),
showed the highest predictive accuracy of 0.887, 0.806, and 0.930 for sensitivity, specificity, and ROC-AUC, respectively, among the single algorithms.
Furthermore, the ensemble model with the top five ROC-AUC models showed corresponding values of 0.898, 0.832, and 0.939, respectively. To
interpret the characteristics of hERG inhibition, the importance of molecular descriptors was calculated using Gain and SHAP values. We propose a
model of hERG inhibition with high prediction accuracy using XG-Boost.

Introduction their use for assaying thousands of compounds is prohibitively
time-consuming and expensive. An in silico assay has been
proposed as one method for resolving these issues. There are two
approaches for performing in silico assays of hERG blocking. The
first involves structure- and ligand-based methods [12,13]. These
methods employ models based on the statistically generated
2D or 3D chemical structure poses of small compounds, and
structure-based approaches conducting docking simulations
using a 3D structure of hERG modeled on a computer. The most
important part of this approach is the information on the hERG
structure and the electron microscopy structure of hERG, as
reported in 2017 [14]. The related information was subsequently
reviewed in detail [15]. However, docking simulations with hERG
are still difficult due to the high flexibility of this molecule. The
second type of approach is based on the quantitative structure-
activity relationship (QSAR). QSAR refers to the quantitative
relationship between the structure of a chemical substance
and its biological (pharmaceutical or toxicological) activity. The
purpose of this method is to predict the “bioactivity or toxicity”
of structurally similar compounds. The basic concept of QSAR
is a multivariate function with the descriptor of a compound
of a small-molecule compound as an independent variable and
the assay result as a dependent variable. In 2006, Seierstad
and Agrafiotis reported a QSAR model for predicting the pIC50
of hERG binding by a multiple linear regression model using a
dataset of 439 compounds [16]. In the classified model, Wang
et al. proposed a binary classification model in which the
compounds were defined as “inhibitor” or “non-inhibitor,” for
the prediction of hERG blocking by naive Bayes classifiers using

The human-ether-a-go-go-related gene (hERG) encodes a
potassium channel that is one of the most critical components
associated with QT interval prolongation and arrhythmia called
torsades de pointes [1,2]. Several drugs, including astemizole,
terfenadine, vardenafil, cisapride, and sertindole, have been
withdrawn from the market because of the inhibition of hERG [3-
7]. Therefore, hERG is a key target as part of preclinical toxicity
screening in drug discovery. In addition, not only chemical drugs
but also natural chemical substances have recently been reported
to inhibit hERG. For example, Orvos et al. reported that berberine,
chelidonine, and sanguinarine contained in Chelidonium majus
have a significant hERG potassium channel blocking effect [8].
These extracts and alkaloids also prolong the cardiac action
potential in dog ventricular muscle [8]. In addition, the extract
of Evodia rutaecarpa, a crude drug widely used in traditional
Chinese medicine, was found to inhibit hERG channels. The
compounds in Evodia extract exerting inhibitory activity were
identified as dehydroevodiamine (DHE) and hortiamine by patch
clamp studies [9]. These cases have indicated the importance of
applying the hERG assay not only for chemicals as candidates for
drug discovery, but also for any chemicals to which humans are
exposed. hERG blocking assays, performed in vivo and in vitro,
are conducted by various methods, such as rubidium-flux assay,
fluorescence-based assay, electrophysiological measurement,
and radioligand binding assay [10]. Recently, a patch clamp assay
and a cardiotoxicity assay using iPS cell-derived cardiomyocytes
have been developed to monitor the effects on hERG [11]. While
these techniques are tractable when the sample size is small,
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a dataset of 806 molecules [17], and Shen et al. reported a QSAR
model for binary classification using support vector machine
(SVM) with a dataset of 1,668 compounds [18]. SVM is a kernel-
based supervised machine learning technique that is well suited
for the separation of compounds into two classes based on their
biological end-point measure [19]. In 2015, Braga reported Pred-
hERG, a web-accessible computational tool for predicting hERG
inhibitors [20,21]. To construct the classification model, they
used a dataset of 5,984 compounds and calculated descriptors by
Morgan fingerprints and Chemistry Development Kit (CDK) using
RDkit[22]and the PaDEL Descriptor plugin for KNIME [23]. Finally,
they built a consensus model using each descriptor and proposed
as the Pred-hERG system. In addition, in 2017, Xiao et al. reported
consensus models that were based on the results of multiple
models with different prediction methods using a dataset of
4,813 compounds [24]. First, they calculated simple models using
methods with different descriptor generations, such as k nearest
neighbor (kNN), associative neural networks (ASNN), SVM, fast
stepwise multivariate linear regression (FSMLR), and partial
least squares (PLS). Then, they developed two consensus models
using those models. Moreover, in 2019, Ogura et al. integrated the
information from multiple public databases on cardiotoxicity to
create a dataset of more than 291,000 compounds [25]. Using this
big data, they reported improved performance of the predictive
model by selecting the descriptors that are explanatory variables
for the model using an algorithm called Non-dominated Sorting
Genetic Algorithm-II (NSGA-II). They reported the performance
of the SVM classification model using 72 descriptors and the
ECFR_4 fingerprint in terms of the accuracy and kappa statistics,
which were 0.984 and 0.733, respectively. However, the sensitivity
of their predicted model was 0.67, so the issue of false negatives
remained to be addressed.

Against this background, in recent years, there has been an
explosion of bioactivity data on hERG inhibition in public
databases, and statistical models using machine learning
technology have been improved. In addition, technological
developments for machine learning such as various classification
models and descriptor selection algorithms are being developed.

The general challenges of prediction models that perform
positive/negative classification include the problem of data
size and the problem of an imbalanced dataset. The purpose
of the prediction model is to reduce the generalization error,
that is, to increase the predictive accuracy for unknown data.
When less data is available, the training error is smaller and the
generalization error is larger. In addition, an imbalance of the
data set can lead to overlearning of positive or negative, resulting
in an imbalance in sensitivity and specificity. The purpose of the
hERG inhibition prediction model is to detect positive substances,
but the ultimate goal is to develop a model with precise predictive
accuracy in terms of both sensitivity and specificity.

In this study, we developed a new hERG classification model,
based on XGBoost, a type of gradient boosting machine (GBM),
and an ensemble model with stacking multiple prediction
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models from an integrated database. To avoid overfitting of the
prediction model, the descriptor set was optimized by the Boruta
feature selection algorithm [26]. To address the imbalance of the
training data, we used Borderline SMOTE, which is one of the
oversampling methods, and confirmed the effect of an imbalance
of the training data on predictive accuracy. Finally, we calculated
the importance of molecular descriptors that contribute to the
prediction of hERG inhibition.

Methods
Computed

The software programs used to build the prediction model
were as follows: Python 3.7.6 [27], Anaconda 4.9.2 [28], Jupyter
Notebook 6.2.0 [29], Boruta_py 0.3 [30], Hyperopt 0.2.5 [31],
Keras 2.4.3 [32], Mordred 1.2.0 [33], Py-xgboost 0.90 [34], RDkit
2020.09.1.0 [22], Scikit-learn 0.24.2 [35], and Tensorflow 2.3.0
[36].

Dataset

Data on hERG inhibition were extracted from four databases
related to cardiotoxicity: CheMBL, GOSTAR, the NIH Chemical
Genomics Center (NCGC), and the hERGCentral integrated
dataset [37]. From the hERG assay dataset containing a total
of 291,219 compounds, we extracted data that provide clear
classification as an inhibitor (IC50 < 10 pM) or a non-inhibitor
(IC50 = 10 puM). Consequently, we selected a dataset with a
total of 13,944 compounds, which consisted of 8,325 inhibitors
and 5,669 non-inhibitors. We used this data set to build a hERG
inhibition prediction model. The dataset was randomly split into
a training set (85%, 7,076 inhibitors/4,818 non-inhibitors) and a
test set (15%, 1,249 inhibitors/851 non-inhibitors) for external
validation (Table 1).

Table 1: Statistics of chemicals in the training and test sets

Data sets Total Inhibitors Non-inhibitors
Whole data set 13994 8325 5669

Training set 11894 7076 4818

Test set 2100 1249 851

Calculation of molecular descriptors

To build the hERG inhibition prediction model, we used two
types of chemical descriptor generator: Mordred [33] and
RDkit[22]. Using Mordred and RDkit, 1,613 and 208 descriptors
were calculated, respectively.
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Molecular descriptor selection

Feature selectionisaveryimportant processinthe preprocessing
stage of model building.

Reducing the number of features is expected to improve the
interpretability of the model, reduce the calculation cost, avoid
overfitting, and improve the accuracy [38]. In this study, missing
values were imputed using the average value of each feature, and
the molecular descriptors corresponding to the following two
items were excluded:

1) Molecular descriptor whose data type is a nominal variable.
2) Molecular descriptor with variance less than 0.1.

Furthermore, the descriptor selection base on the Boruta
algorithm [26] was applied to maximize the predictive
performance with the minimal number of descriptors. The
Boruta algorithm runs Random Forest multiple times to collect
Z-scores and compare the importance of actual features with
meaningless fake shadow features. Each run copies the actual
feature and shuffles it against the feature to create a shadow
feature with the non-correlation with the objective variable. The
importance of each feature is calculated by Random Forest upon
combining the actual feature and the shadow feature. For each
feature, the true important feature is selected by performing a
statistical test between the importance of the actual feature and
the shadow feature with the highest importance. Upon optimizing
the number of molecular descriptors using Boruta, 294 and 110
descriptors were adopted from Mordred and RDKit, respectively.
These molecular descriptors were standardized and used for
model construction.

QSAR model building

In this study, we used five machine learning algorithms, Naive
Bayes (NB), Support Vector Machine (SVM), Extreme Gradient
Boosting (XGBoost), Random Forest (RF), and single-layer
Artificial Neural Network (ANN). SVM, NB, and RF were performed
using Scikit-learn [35], XGBoost was performed using Py-
xgboost[34], and ANN was performed using Tensorflow[36]and
Keras[32]. After building discriminant models with each machine
learning algorithm, an ensemble model by stacking methods
was constructed. Stacking is one of the ensemble methods for
constructing one meta-classifier by combining multiple weak
classifiers. The method is performed using each prediction of
the model constructed by the machine learning method as a
feature quantity, and an ensemble predicted value is calculated.
In this study, we used the predicted values of the top five models
assessed using ROC-AUC as features, performed XGBoost, and
output the ensemble predicted values for the prediction of hERG
inhibition. For robustness of the developed models, optimization
of the hyperparameters was conducted using Hyperopt[31], with
70 iterations and 5-fold cross-validation.
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Evaluation of predictive performance

To evaluate the model performance, we used five indexes:
correct answer rate (ACC), sensitivity (SEN), specificity (SPE),
precision rate (PRE), and Matthews correlation coefficient (MCC)
[39]. These evaluation indexes were calculated using four terms:
true positive (TP), false positive (FP), false negative (FN), and
true negative (TN). TP and FN denote the numbers of known
inhibitors predicted to be active and inactive, while TN and FP
are the numbers of known non-inhibitors predicted to be inactive
and active, respectively. The indexes of model performance were
calculated as follows.

ACC= (TP+TN)/(TP+FP+FN+TN) (1)
SEN= TP/(TP+FN) )
SPE= TN/(TN+FP) 3)
PRE= TP/(TP+FP) (4)

MCC= (TPxTN-FPxEN)/v((TPgtt+FP)(TP+FN)(TN+FN)(TN+FP))
()

The performance of each model was also measured by the ROC
score, defined as the area under the receiver operating curve
(ROC-AUC), which plots the ratio of true positives on the axis
of false positive fractions and ranges from 0 to 1. The closer the
value is to 1, the better the model accuracy, while 0.5 represents
random prediction.

Borderline SMOTE (Synthetic Minority Oversampling
Technique)

Since the ratio of inhibitor to non-inhibitor of the data set used for
model construction is approximately 1.5:1, the prediction model
may overestimate the inhibitory compounds. Therefore, using
Borderline SMOTE, one of the oversampling methods [40], we
verified the data imbalance by equalizing the ratio of inhibitors
to non-inhibitors.

Feature importance

SHAP (SHapley Additive exPlanations) and Gain were used to
calculate the importance of the explanatory variables [41-44].
SHAP is a calculation method based on cooperative game theory
of how much each player contributed in a game. In machine
learning, the player is replaced with an explanatory variable to
show how much it contributed to the prediction of the model.
Gain is an indicator of the importance of a feature in XGBoost.
Results

Chemical diversity analysis

Prior to comparing the performances of different models, we
verified the diversity of the chemical space of the data sets. A
large chemical space, to a certain extent, reflects the effectiveness
of the application domain of the models [45]. In this study,
the chemical space was analyzed using principal component
analysis (PCA) [46] with descriptors generated by Modred (294
descriptors) and RDkit (110 descriptors) (Figure 1). From PCA,
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Figure 1 : Flowchart of dataset selection

the chemical space is demonstrated to be sufficiently diverse,
and it is considered that the training data and the test data have
similarchemical spaces.

Predictive performance of constructed models

In this study, two molecular descriptor calculation modules,
Mordred and RDKit, and five machine learning methods, SVM, NB,
RF, XGBoost, and ANN, were used to construct a hERG inhibition
prediction model. The performance of each model was assessed
using stratified split test data, consisting of 1,249 inhibitors and
851 non-inhibitors (total of 2,100 compounds) (Table 2). The
reference Models 1 (NB -Mordred) and 2 (NB -RDkit) showed
ACC: 0.671/0.699, SEN: 0.657/0.756, SPE: 0.615/0.691, PRE:
0.742/0.757, MCC: 0.342/0.372, and ROC-AUC: 0.730/0.751,
respectively. Model 6 (XGBoost -RDkit) showed the best fitted
performance (ACC: 0.854, SEN: 0.887, SPE: 0.806, PRE: 0.870,
MCC: 0.697, ROC-AUC: 0.930). Subsequently, we contracted an
ensemble model by stacking methods (Model 11) using Models 3,
4,5, 6,and 9, which are the top five models in terms of ROC-AUC.
The predictive performance of Model 11 was as follows: ACC:
0.871, SEN: 0.898, SPE: 0.832, PRE: 0.887, MCC: 0.732, and ROC-
AUC: 0.939. These results showed that the predictive accuracy
of the ensemble model was higher than that of the model
constructed by a single algorithm for all of the evaluation indexes.

To confirm the effect of data set imbalance on the predictive
accuracy, the training data were verified by Borderline SMOTE.
Model 6 showed the largest change in ROC-AUC, but the change
was 0.011, which was very small (Table 3). This was interpreted
to indicate that there was no overfitting of inhibitory compounds
due to dataset imbalance.

Importance of molecular descriptors

To understand the relationship between compound structure and
hERG inhibition, we evaluated the importance of the molecular
descriptors selected for model building. The importance of
the molecular descriptors was calculated using Gain and SHAP
values for Model 6, which is the most applicable model (Figure
4). The top five molecular descriptors based on Gain value were
MinEStateIndex, MaxEStatelndex, Balaban], MolLogP, and PEOE_
VSA8,whilethosebasedonSHAPvaluewereVSA_EState2,MolLogP,
TPSA, fr_C_O, and Balaban]. MinEStateIndex, MaxEStateIndex, and
VSA_Estate2, which are Estate Index (Electro topological-state
Index) types, represent both the electrical and the topological
properties of each skeletal atom in a molecule. The Estate Index
is formulated as the intrinsic value [ and the perturbation term
Al arising from the electronic interaction of each atom in the
molecule in the molecular topological environment [47]. SlogP_
VSA represents the hydrophilic and hydrophobic interactions
with respect to the receptor, SMR_VSA the polarizability of the
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Table 2: Performance of hERG inhibitor/non-inhibitor classification models

Model Algorithm Descriptor ACC SEN SPE PRE McCC Kappa ROC-AUC
1 Naive Bayes Mordred 0.671 0.657 0.691 0.757 0.342 0.338 0.73
2 Naive Bayes RDKit 0.699 0.756 0.615 0.742 0.372 0.372 0.751
3 SVM Mordred 0.857 0.874 0.831 0.883 0.703 0.703 0.921
4 SVM RDKit 0.861 0.883 0.828 0.883 0.712 0.712 0.924
5 XGBoost Mordred 0.839 0.878 0.781 0.855 0.663 0.663 0.918
6 XGBoost RDKit 0.854 0.887 0.806 0.87 0.697 0.696 0.93
7 RF Mordred 0.792 0.869 0.678 0.799 0.563 0.559 0.862
8 RF RDKit 0.82 0.893 0.714 0.821 0.624 0.62 0.888
9 ANN Mordred 0.847 0.878 0.803 0.867 0.682 0.682 0.92
10 ANN RDKit 0.842 0.834 0.853 0.893 0.679 0.677 0.915
11 Stacking - 0.871 0.898 0.832 0.887 0.732 0.732 0.939

Table 3: Performance of hERG inhibitor/non-inhibitor classification models with Borderline SMOTE

Model | Algorithm Descriptor ACC SEN SPE PRE McCC Kappa ROC-AUC
1 Naive Bayes Mordred 0.65 0.58 0.751 0.774 0.327 |[0.313 0.735
2’ Naive Bayes RDkit 0.694 0.703 0.682 0.764 0.379 |0.377 0.754
3 SVM Mordred 0.849 0.866 0.824 0.878 0.688 | 0.688 0.919
4 SVM RDkit 0.856 0.869 0.837 0.886 0.702 | 0.702 0.919
5 XGBoost Mordred 0.833 0.84 0.823 0.874 0.657 | 0.656 0.923
6 XGBoost RDkit 0.833 0.837 0.826 0.876 0.658 | 0.657 0.919
7 RF Mordred 0.773 0.744 0.817 0.856 0.551 | 0.544 0.867
8 RF RDkit 0.8 0.778 0.831 0.871 0.599 | 0.594 0.89
9’ ANN Mordred 0.838 0.833 0.845 0.887 0.67 0.668 0.92
10’ ANN RDkit 0.834 0.832 0.838 0.883 0.662 | 0.661 0.907

® Training data
@ Testdata

— - v - . N - - - ' .
=20 ] n &0 L) =20 =10 [+] »n 2 30 0 50

Figure 2: Chemical space defined by molecular descriptors calculated with Mordred and RDKit in the dataset.
(A) Mordred descriptor, (B) RDKkit descriptor
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molecule, and PEOE_VSA the direct electrostatic interaction [48]. These descriptors are the sum of the contributions of the atomic van
der Waals surface area (VSA) with atomic components for a certain range of properties (SlogP, SMR, and PEOE). TPSA is the sum of the
polar areas of the molecular surface area inferred from intramolecular binding patterns. TPSA has been shown to correlate well with
passive molecular transport through a membrane [49]. Balaban] represents a topological index based on the sum of distances [50]
and fr_C_O represents the number of carbonyl groups. Figure 5 shows violin plots of the top five inhibitory/non-inhibitory molecular
descriptors calculated based on Gain and SHAP values.
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Figure 4: Violin plot of molecular descriptors in the top five for feature importance. (A) Balaban], (B) fr_C_O, (C) MaxEStatelndex, (D) MinEStateIndex,
(E) MolLogP, (F) PEOE_VSAS, (G) VSA_EState2, (H) TPSA
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Results

In this study, we constructed 10 models for predicting hERG
inhibition using two molecular descriptor calculation modules
(Mordred and RDkit) and five machine learning methods (SVM,
NB, RF, XGBoost, and ANN). We proposed a prediction model
using XGBoost as the optimal model (Model 6) with the chemical
descriptor generated by RDKit. Here, let us consider the effects of
two types of molecular descriptor calculation module selection
on the predictive performance of the model. Comparing values
of ROC-AUC as an index of model performance, when the model
was built with NB, SVM, and XGBoost, the RDkit-based model
gave ROC-AUC values 0.021, 0.003, 0.012, and 0.026 higher than
those of the Mordred-based model, respectively. On the other
hand, when built with ANN, the Mordred-based model (Model
9) gave an ROC-AUC value 0.005 higher than that of the RDkit-
based model (Model 10). Although they were small, there were
differences in performance due to the difference in the generator
of the chemical descriptor. Regarding the reason why RDkit-based
models had higher ROC-AUC values in NB, SVM, XGBoost, and RF,
it is speculated that Mordred generated a much larger number
of molecular descriptors than RDKit, so it could not adequately
address multicollinearity between independent variables. On
the other hand, in ANN, it is speculated that the reason why
Mordred had a higher ROC-AUC value is that, although the
number of molecular descriptors was large, the independent
variables that were truly correlated with the objective variable
were extracted as weighting and hyperparameters. In this way, it
is important to deal with multicollinearity in the preprocessing
of model construction, and it can be understood that appropriate
preprocessing affects the performance of the constructed model.
In this study, we ran the Boruta algorithm for preprocessing, but
in the future, we plan to try additional algorithms, such as Non-
dominated Sorting Genetic algorithm-II (NSGA-II)[51].

In addition, the stacking ensemble model was able to achieve
more accurate predictions. To interpret the prediction model
with chemical theory, we assessed the importance of selected
molecular descriptors in Model 6 by ranking them using SHAP
and Gain values.

The hERG-inhibitory pharmacophore model of the charged
ligand shows that there are at least three aromatic/hydrophobic
sites and charged moieties. In the case of the hERG-inhibitory
pharmacophore model of the neutral ligand, the intramolecular
aromatic (and/or hydrophore) contains at least one hydrogen
bond acceptor separated from the group at a distance of 3.5 A
[52].Thus, the presence of hydrophobic groups plays an important
role in hERG inhibition. In this study, MolLogP and TPSA were
selected as molecular descriptors related to hydrophobicity.
In our study, MolLogP tended to be larger and TPSA tended to
be smaller in the inhibitor, which is consistent with previously
reported results. Ogura et al. reported hERG inhibitory activity
and the involvement of atomic charge [25].In our model, PEOE_
VSA8 was also selected as being associated with atomic charge
and results similar to those in the above-mentioned report were
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obtained.

In this study, we used Gain and SHAP values to interpret the
model, but other approaches such as using Partial Dependence
and ICE plot may also be effective [44,53].

In addition, in the calculation of the importance of features, the
multicollinearity of the explanatory variables is not considered
in this study. These issues should be addressed in future work.
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