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Abstract
Virtual screening has signi�cantly improved the rate of success of early drug discovery. Recent virtual screening methods have improved
along with advances in machine learning (ML) and chemical information. Among these advances, the creative extraction of drug features
is important for predicting drug-target interaction (DTI), a large-scale virtual screening of known drugs. Herein, we report on Kullbeck–
Leibler divergence (KLD) as a DTI feature and the feature driven classi�cation model applicable to DTI prediction. Thus, E3FP 3D molecular
�ngerprints of drugs as molecular representation allowed the computation of 3D-similarities between ligands within each target (Q-Q
matrix) for uniqueness of pharmacological targets and between query–ligand (Q-L vector) for DTI. The 3D similarity matrices were
transformed into probability density functions using kernel density estimation (KDE) as a nonparametric estimation. Each density model
could exploit the characteristics of each pharmacological target and measure the quasi-distance between ligands. Furthermore, we
developed a random-forest (RF) model from the KLD feature vectors to successfully predict DTI, irrespective of whether each query belongs
to a target.

1. Introduction
Several ML-based methods have been widely applied to chemo-informatic-related areas. From the classical Bayesian approach to recent
deep-learning (DL) technology, the description of the molecule itself and the derivation of a novel representation of molecules play a vital
role in computer-aided drug discovery [1–4]. Studies on drug-target interactions (DTI) and several schemes and algorithms have been
conducted using molecular descriptors and similarity scores [5]. Despite the availability of 3D descriptors such as E3FP [6], 3D molecular
similarity rarely applied into DTI prediction. Previous studies using both molecular descriptors and similarity scores applied similarity
scores into statistical rules [7–10]. These schemes for DTI prediction have not focused on modeling the heterogeneity of similarity scores
using 3D similarity distribution [11–15]. This study uses probability density model of 3D similarity vectors to obtain a reliable DTI predictive
model. In particular, a nonparametric density model is added to our previous Kullbeck–Leibler divergence (KLD) based quantifying method
[16], which relatively observe ligands in the view of candidate targets, so that the multiple KLD measurements were used to describe a drug
(query).

[INSERT FIGURE1 HERE]

Feature engineering is an essence of ML-based drug discovery. Recently, ML based DTI detection (descriptive/predictive) and ML-aided
drug discovery studies mutually have made an optimistic effect on the feature engineering for molecular data. The performance of such
ML approaches relied on molecular representation. One need of these ML approaches is perfect transferability of molecular information
during molecular representation, similarity scoring, and learning. For this purpose, herein we try to link our 3D similarity-based quantitative
method [16] and ML algorithm to predict whether each query belongs to a candidate target. This study also uses on chemo-centric
assumptions along with 3D similarity [16] with the sequential works. First, based on E3FP, 3D-radial molecular �ngerprints, pairwise
similarities are calculated between ligands within each target (Q-Q matrix) and between query–ligand (Q-L vector) for DTI. Second, the 3D-
similarity vectors (Q-L) and matrices (Q-Q) are probabilistically modeled to describe uniqueness of targets (Q-Q) and to quantify molecular-
speci�c information for DTI. Finally, KL-divergence (KLD) works as a ‘quasi-distance’ among the density models and KLD as a novel DTI
feature vector successfully is extended to DTI model (Fig. 1).

2. Methods And Materials

2.1 Dataset and data preparation.
We collected biological activity data from the CHEMBL 26 database, which is publicly available. [17] The database consists of more than
200 single-protein targets and their chemical and genomic properties. In this work, we used 17 targets selected by the (benchmark) paper.
[18] The downloaded information table contained a list of smiles from CHEMBL26 databases, which describe ‘Molecule name’, ‘SMILES’,
‘IC50’ value for each listed CHEMBL ID. The duplicated item was removed to avoid sampling bias. After removal of the smiles, the
conformation failed. We focused on 33,730 ligands and 4,693 K conformers. The overall data handling and algorithm computing was
conducted using Python with accompanied its modules. 3D conformers were generated under conditions reported by Openeye Omega.
[19–20]

2.2 Three-dimensional �ngerprinting and ligand pairwise 3D molecular
similarity.
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All original ligand spaces from 17 targets were randomly re-sampled using 15,000 ligands. The size of each molecular conformers was
limited to 15,000 ligands. Thus, we resolve the dimensionality and data imbalance problems. Ten back-tests were performed to determine
the stability of random sampling. We con�rm that changes in ‘random seed’ rarely provide stability of the similarity score density structure.
Among the enormous descriptors for molecular representation, E3FP was chosen to effectively describe the 3D structure of the molecules.
Each 3D �ngerprint depicting a conformer of a ligand was encoded using E3FP in the RDKit library. In other words, the E3FP generated 3D
molecular �ngerprints in the RDKit library, and each 3D conformer was converted to the RDKit format, so that the similarity scores among
ligands could be calculated. The 3D-coordinate of each conformer expressed in the sdf format was converted and encoded to a sequence
of bit vectors consisting of 1024 '0' and '1' digits. Subsequently, the similarity score was calculated by comparing them. This bit vector-
based similarity score calculation was computationally less expensive than the maximum common substructure (MCS)-based approach or
shape-based approach (Openeye Shape Toolkit) was, and it retained the 3D conformation. [21–22]

2.3 Query-query matrix
The query–query matrix contains the pairwise similarity score of all ligands that belong to a candidate target. Their dimensions are up to
15,000 × 15,000. Let MQ−Q be the similarity matrix obtained from 17 independent targets, then its elements a1,1, …, a15000,15000 are a
set of pairwise similarity scores of ligands that belong to a certain target. Note that these query–query matrices potentially work as a
benchmark for measuring target-speci�c (collective, global) information. The descriptive statistics (density information) of Q-Q elements
are expected to differ among targets. However, it preserves the stability of the sampling of ligands.

2.4 Query-ligand vector
Next, we prepare the query–ligand similarity vector to express and measure the interaction with the candidate target from a (certain) query.
These vectors preserve ligand-speci�c information whose descriptive statistics differ based on the ligand, where each of their dimensions
is 1 × 15,000(max). It can be obtained from each column vector of the pairwise similarity matrix among the 17 targets. These can be
referred to as a query’s ‘observation’ in terms of the candidate target’s view. Each query–ligand vector is comparable to each Q-Q matrix
because they share a common ligand.

[INSERT FIGURE2 HERE]

2.5 Probability density function of each vector space
Our experiment considers probabilistic information re�ecting the target representation and the ligand to target interaction. Generally, the
shapes of the Q-Q and Q-L matrix, whose number of ligands depends on the target, are all different. One way to unify and structuralize their
information is to use their probability density functions. We determine the distributions of both the Q-Q matrix and Q-L vectors. Each Q-Q
matrix density function projects unique representations of each target; speci�cally, the shape of the tail part, symmetry, bias, and sharpness
differ between targets. Similarly, the Q-L vector density re�ects the information obtained from the query (ligand)-target interaction. Each
probability density function is represented by the function value y = p(x), q(x) for each x-axis point that divides the interval [0, 1] into 100
equal parts. After being combined with the information metric, these probability distributions, p(x) and q(x) are the main components that
constitute the feature vector of our classi�cation model.

2.6 Kernel density estimation
KDE as a well-known nonparametric density estimation was chosen to estimate probability density function. [23–26] The process of
estimating the probability distribution function for the given data involves maximizing the built-in likelihood function. When the KDE
obtains probability distributions, the probability for the points on each x-axis can be obtained as follows:
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In the process of KDE, when the input matrix and vector are constructed, the estimation is performed using a Python script, and a 1 × 100
vector containing each pdf value is output. The Scipy's Python package [27], which automatically selects the optimal bandwidth of KDE,
allows us to apply the Gaussian kernel. We con�rm that the density structure in this study rarely depends on the KDE methodology and
bandwidth. Both Silverman and Scott's methods yielded satisfactory results. Moreover, such a nonparametric approach not only provides
�exible and stable results regardless of the experimental environment but also provides results to researchers with fewer estimation errors
in density estimation. The KLD was used to calculate the “difference” between estimated density functions from each Q-Q matrix and Q-L
vector. The divergence between Q-Q and Q-L density models is interpreted as a measurement of a query’s interaction with a target.

2.7 Kullbeck–Leibler divergence
KLD is a relative entropy that allows researchers to measure whether the two probability density functions are different or equal. [28–30]
Lower KLD values imply higher similarity between two density functions and vice versa. The quantity served as a metric to measure a query
among several possible targets. The feasibility of a given query belonging to a target was determined by comparing KLD values of the
mapped Gaussian mixture model [16]. KLD can be simply computed from the pdf on [0, 1], which is evaluated by their function values. Let
q(x) be the 17 Q-Q densities postulated to be �xed to describe the representative characteristics of certain targets. Our observation of a
ligand toward a candidate target, p(x), was obtained from the Q-L vector. In our context, KLD is used to measure the degree to which the Q-L
vector density (p(x)) differs from the 17 Q-Q matrix (i.e., candidate target’s density, q(x)). The divergence between the query and query
similarity density function and query–ligand density measures the magnitude of the difference between a query and a candidate target and
illustrates how the KLD is calculated. To calculate KLD directly, considering the point where q(x) is zero, it was calculated temporarily by
adding a small number to the functional value on both p(x) and q(x). Let P = { p_1, …, p_17}, q = {q1, …, Q_k}. The KLD is calculated as
follows:

Seventeen KLD values were obtained along the ligands (query) from the candidate targets. The divergence of q from p approximate to a
minimum if the Q-L density is similar to a Q-Q density so that the value provides a measurement of the distance between a query and
several candidate targets for a given query. Generally, a small KLD value suggests that any query has a high similarity to a target, which
corresponds to whether a certain query belongs to a target vice versa. In the RF model, individual KLD values became a feature of each
query that describes the measurement from the viewpoint of candidate target. Finally, we obtain a labeled vector of 1 × 17 divergence from
each ligand (query) for the RF classi�er.

2.8 Random forest classi�er
RF models, an ensemble of several decision tree models, were chosen for this nonparametric methodology [31–32]. The famous
classi�cation and regression tree (CART) algorithm can be easily extended to large-scale data. [33–37] We consider a 17 × 1-sized feature
for each ligand. Each query is labeled with its target number (1, 2, … 17), and each decision process of the RF algorithm is generated by
comparing each query’s KLD value. Given the 17 × 1 feature vector, which consists of KLD values, the target prediction is made by
combining the decisions from individual features. In other words, by measuring the KLD values, an RF classi�er is instructed to determine
whether a query is suitable for a target. The RF classi�er implicitly facilitates correspondence in the value of KLD between such similarity
density and an indirect difference between a query and a candidate target. The optimal parameter for our RF model was automatically
tuned using the sk-learn package. In our experiment, the RF serves to predict the most possible target from the KL-divergence measured by
each candidate target. Combined with nonparametric density estimation and KLD, we suggest that the RF model provides a possible
solution for the DTI prediction problem.

3. Results And Discussion
In this study, the probabilistic modeling of similarity scores was used to describe the features of a given ligand (drug) in the RF model. For
this purpose, �rst, nonparametric density estimation put the similarity information (of Q-Q or Q-L) into KLD equation. Second, the KLD
values enabled quantitative comparisons between targets against a ligand (query). Finally, the RF classi�er was built using the KLD feature
vectors for DTI prediction. At this time, we describe notable results of these serial works including predictive power of the RF classi�er and
feature analysis.

3.1 Representation of targets and ligands via non-parametric probability
distribution model.
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Herein we introduce a terminology called target class. Even if Q-Q matrix characterize a target using 3D similarity between its ligands, the
matrix also can be considered as a group (a class) of ligands sharing a target. Thus, in order to conveniently call the group of a speci�c Q-
Q matrix, we call each group a target class with its target name. Similarity information of target classes was represented by nonparametric
probability distribution model of respective Q-Q matrix. Clearly, while many classes were slightly shewed but similar to Gaussian
distribution, some classes were very far from Gaussian distribution such as �broblast growth factor receptor 1(FGFR1). The Fig. 3
illustrates that the probability density of each target class can be severe asymmetry and skewed shape, making it di�cult to assume their
structural consistency. Notably, FGFR1 having the number of Q10 cannot be well �tted to Gaussian model. Without structural (e.g.,
Gaussian, gamma) assumptions on similarity data, nonparametric density estimation provided more �exibility and less information loss
than our previous Gaussian mixture models (GMM)[16]. As shown in the Fig. 3 and Supplementary Fig. 1, KDE perfectly �tted unique
distribution of respective target classes. Clearly, the results of Fig. 3 are quite discrepant from almost studies using chemical similarity,
which assumed similarity distribution is Gaussian distribution. Because composition of target classes is diverse according to the existence
of orthosteric ligands, allosteric ligands, and non-direct binding regulators, it is natural that their distribution are dissimilar each other not to
follow Gaussian distribution. Thus, we appeal the KDE distribution is a better reasonable method than Gaussian distribution to describe
chemo-centric prediction.

Moreover, the relationship of a speci�c ligand (drug) with a target also was represented onto the KDE model of respective Q-L vector. Surely,
data dimension was very different between Q-L vector due to different number of ligands within a target class (max size of Q-L vector:
15,000). Fortunately, regardless of the size of the dataset, the KDE provided a stable (su�ciently good) density distribution for further
study. The probability density distribution of each Q-L vector not only projects respective pair’s (of a ligand or a target class) characteristics,
but also allows comparison between target classes based on a chemo-centric assumption. In other words, KDE distribution of Q-L vector
indicates DTI. However, the DTI should be generalized and quanti�ed for the comparison between different drugs or targets. For this
purpose, we used KLD as an information entropy. Thus, paradoxically, ‘extraordinary’ density distribution (showing severe asymmetry,
skewness, fat tale) is preferred to check utility of this study in which the entropy (KLD) is calculated without considering statistical rules.

[INSERT FIGURE3 HERE]

3.2 KLD as drug target-interaction descriptor
If a new drug tends to be more similar to ligands of a speci�c target class (e.g. Q1) than them of other classes, DTI prediction of the drug
indicates the target. However, probability densities of Q-Q matrices considerably vary between target classes (Fig. 3). Similarity scores with
some ligands in a target class do not properly work as a feature for the DTI prediction so that chemical similarity is less preferred as a
single feature of DTI prediction. Moreover, importance of the similar ligands also depends on their position in the probability density veri�ed
by descriptive statistics (e.g., mean and standard deviation) of respective Q-Q matrix. Meanwhile, KLD calculation include the relationship
between all ligands of a target class through q(x) of the Q-Q matrix (target-speci�c information) and also have the relationship of a query
drug with the target class through p(x) of the Q-L vector (ligand-speci�c information). Thus, the divergence quanti�es DTI prediction
between the drug and target class through comparing the q(x) and p(x). In detail, when a new drug shows a smaller KLD value for a speci�c
target class than KLD values for other classes, we predict DTI of the drug-target pair. Such information makes the KLD based DTI prediction
is distinct from any chemical descriptors or similarity scores (one KLD value; relationship of one drug-target pair vs one similarity value:
that of one drug-drug pair vs one descriptor: information on one drug). Thus, we tried to elicit potential of the distribution divergence as a
DTI descriptor. The KDE distribution, which was noted in Section 3.1, showed a suitable proxy representing q(x) of the Q-Q matrix and p(x)
of the Q-L vector. Each similarity matrix (Q-Q matrix), which identify ‘relevance’ between ligands in a target class, originated target-speci�c
information. The ‘individual’ (ligand-target) density and ‘collective’ (target-target) density could be compared each other through KLD. In
other words, in order to examine target-target density, KLD values between target classes (Q-Q vs Q-Q matrix) were calculated. In addition, a
reverse divergence quantity was calculated after putting q(x) and p(x) in reverse position. The dual quantity between target pairs (KLD and
reverse KLD) of Table 1 showed a correlation between classes in target spaces. The pair with lower divergence suggests that those target
classes have similar distribution inferred to have similar characteristics. Similarly, ligand-target density also was examined through dual
quantity (KLD and reverse KLD) between a Q-Q matrix and a Q-L vector (Fig. 4). In detail, if target of a query was identical with target of
ligands in Q-Q matrix, the Q-L vector of the query was a part of Q-Q matrix. Else, the Q-L vector of a query is �lled through similarity
calculation of pairwise query-ligand. The KLD measures the extent to which a query (ligand) is different from a target. We directly apply this
notion to quantify whether a query belongs to a target. For example, when considering the two targets A and B, the probability density
function of similarity data obtained from the “ANY” query contained in target A (the query belongs to target A), and the KLD from the Q-Q
density from target A are both close to zero. On the other hand, when calculating KLD from the counterpart distribution of target class B, the
Q-L vector belonging to class A tends to have relatively larger values than Q-Q density of target A. The result suggests that KLD calculated
from two KDE distributions make DTI prediction realized.
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[INSERT TABLE1 HERE]

[INSERT FIGURE4 HERE]

Table 1
KLD between target pairs (Q-Q matrix vs another Q-Q matrix, 17 x 17 Target).a

T 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

1 0.00 0.11 0.57 0.12 0.02 0.03 0.38 0.13 0.15 0.47 0.29 0.11 2.54 0.09 0.04 0.02 0.03

2 0.11 0.00 0.50 0.22 0.16 0.21 0.13 0.41 0.08 0.42 0.18 0.33 1.85 0.32 0.13 0.16 0.17

3 0.36 0.55 0.00 0.20 0.43 0.41 1.13 0.33 0.89 0.27 1.17 0.37 1.15 0.29 0.40 0.27 0.48

4 0.09 0.24 0.23 0.00 0.13 0.14 0.66 0.10 0.43 0.17 0.66 0.06 1.38 0.06 0.19 0.07 0.14

5 0.02 0.18 0.63 0.17 0.00 0.01 0.40 0.10 0.15 0.66 0.27 0.11 2.90 0.08 0.03 0.04 0.01

6 0.04 0.23 0.69 0.21 0.01 0.00 0.46 0.10 0.18 0.77 0.28 0.13 3.19 0.09 0.04 0.05 0.02

7 0.35 0.11 0.66 0.53 0.40 0.45 0.00 0.80 0.09 0.79 0.09 0.71 2.07 0.68 0.33 0.44 0.41

8 0.18 0.55 0.54 0.14 0.17 0.15 1.18 0.00 0.74 0.49 1.03 0.03 2.49 0.01 0.24 0.09 0.17

9 0.13 0.09 0.78 0.38 0.13 0.16 0.10 0.42 0.00 0.86 0.03 0.39 2.98 0.36 0.11 0.21 0.14

10 0.40 0.61 0.31 0.16 0.48 0.48 1.28 0.32 1.00 0.00 1.33 0.27 0.87 0.27 0.52 0.28 0.49

11 0.28 0.26 1.08 0.68 0.25 0.25 0.16 0.61 0.04 1.45 0.00 0.64 4.21 0.57 0.18 0.38 0.27

12 0.12 0.39 0.47 0.07 0.12 0.12 0.86 0.03 0.53 0.34 0.76 0.00 2.11 0.02 0.22 0.07 0.11

13 3.43 3.99 2.22 2.39 3.49 3.47 4.80 2.71 4.52 1.74 4.98 2.51 0.00 2.72 4.08 3.30 3.45

14 0.12 0.40 0.45 0.07 0.12 0.11 0.95 0.01 0.58 0.38 0.84 0.02 2.15 0.00 0.18 0.05 0.12

15 0.05 0.17 0.72 0.28 0.04 0.04 0.41 0.19 0.15 0.84 0.26 0.23 3.31 0.17 0.00 0.07 0.06

16 0.03 0.18 0.45 0.08 0.04 0.05 0.56 0.08 0.30 0.38 0.49 0.07 2.30 0.05 0.06 0.00 0.05

17 0.03 0.19 0.75 0.21 0.01 0.02 0.43 0.11 0.15 0.73 0.28 0.10 3.21 0.10 0.05 0.05 0.00

aThe lower KLD values indicate that the pairs has similar distribution.

3.3 DTI Prediction of RF Classi�er
A binomial classi�cation model was built using KLD for DTI prediction of individual query drugs. Predictive models from the divergence-
coordinated features were investigated in the divided condition of training (80%) and test (20%) datasets. Random forest (RF) algorithm
showed desirable classi�er for DTI prediction with reliable statistical performance (Table 2, Fig. 5–6). Despite the imbalanced number of
ligands between different targets, the ensemble learning showed acceptable precision and recall in test set of every targets (Table 2). The
average validation accuracy also was 0.88 in �ve-fold cross validation. Moreover, we visualized our model by depicting both the receiver
operating characteristic (ROC) curve and box plot. As shown in Fig. 5, area under the curve (AUC) values (more than 0.96), which indicated
the area under the ROC curve, also showed the predictive performance with successful confusion matrix (see Suppl. Information). The ROC
curve also illustrates that there is no signi�cance dependence on accuracy among ligands classi�ed by targets. Furthermore, average
precision according to percentile rank of KLD features described the distributional information of this predictive model in the boxplot in the
box plot (Fig. 6). Patterns in a 'RESPONSE' of the RF classi�er are shown in the box plot. The horizontal line (Orange) shows a 'skewed'
decision boundary in the RF classi�er inherited from the characteristics of our RAW dataset showing an 'irregular' probability density.

[INSERT TABLE2 HERE]

[INSERT FIGURE5 HERE]

[INSERT FIGURE6 HERE]
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Table 2
Statistical performance of RF model predicting

DTI.
Target No. Precision Recall F1-score

Q1 0.91 0.93 0.92

Q2 0.97 0.95 0.96

Q3 0.99 0.95 0.97

Q4 0.98 0.95 0.97

Q5 0.88 0.92 0.9

Q6 0.84 0.79 0.81

Q7 0.95 0.97 0.96

Q8 0.83 0.87 0.85

Q9 0.87 0.91 0.89

Q10 0.97 0.9 0.94

Q11 0.76 0.78 0.77

Q12 0.85 0.9 0.87

Q13 1 1 1

Q14 0.81 0.9 0.85

Q15 0.84 0.79 0.81

Q16 0.93 0.92 0.93

Q17 0.79 0.67 0.73

3.4 Feature correlation and importance of KLD based classi�er
To interpret the DTI model, we conducted feature analysis of the correlation matrix between features (Fig. 7) and pruning of less important
features (Fig. 8). In addition to correlation, the relative importance of a feature in an RF model is measurable with respect to the dependent
variable. Figure 7 shows pairwise correlation coe�cients, which re�ect the quantity of dependence among features. Each value directly
corresponds to a lower divergence between the Q and Q densities of their target classes. Providing a criterion for variable selection, a high
correlation among the subset of features tends to dilute the importance of such features, confusing the prediction accuracy. Fortunately,
almost DTI features except for KLD17 vector (generated from ligands of Q17, Epidermal growth factor receptor) showed acceptable
correlation coe�cient less than 0.7. There are several methods for calculating the feature importance in terms of their in�uence on the
model. The most common metric, the mean decrease in impurity (MDI) de�nes the mean of impurity reduction as the importance criterion
when each feature is deleted in a model. If the corresponding feature value is randomly assigned, the prediction result becomes lower than
a benchmark case, which can be considered important and vice versa. The higher the importance of a feature in our study implies the
uniqueness of the Q-Q density function, which is more comparable. Figure 8 illustrates the importance of features in the DTI model.
Generally, pruning less important features is expected to result in higher classi�cation accuracy. In our DTI model, more than 10 features
retained accuracy more than 0.8. The selection of features was important in terms of model stability as well as model accuracy. Focusing
on the small numbers of 10 to 15 features is acceptable in terms of dimensionality issues. Because the standard size of training samples
was 15,000 for each target, the 10 to 15 sized features are reasonable to avoid over�tting.

[INSERT FIGURE7 HERE]

[INSERT FIGURE8 HERE]

4. Conclusion
In this study, we presented an RF model for identifying drug-target interactions using KLD. Our novel combination of nonparametric density
estimation, KLD, and RF model showed an effective chemo-centric method for drug discovery. It has been widely emphasized that similarity
vector plays an important role in identifying drug-target interactions. The RF model leverages more speci�c information than our previous
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approaches using an information metric-designed feature vector. Furthermore, pairwise comparison of ligands and their candidate targets
explicitly describes a ligand's characteristics, which provide a bridge for an ML classi�er. When faced with a computationally limited
environment, note that the dimension (size of the feature vector) can be controlled depending on the number of target spaces. Other than
the Tanimoto coe�cient, another similarity metric (e.g., cosine similarity, sorgel similarity) of the descriptor (�ngerprint), also becomes a
proxy for describing a ligand in the context of our methodology. In future studies, it will be possible to apply other types of ML algorithms to
our model framework, suggesting that our method is applicable to other biomedical contexts.
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Figures

Figure 1

Overview of this study. Kullbeck–Leibler divergence (KLD) between chemical similarity distributions (of Q-Q matrix and Q-L vector) provided
feature vectors for drug target interaction (DTI) prediction. The distributions were generated through kernel density estimation (KDE) as a
nonparametric density model, which is quite distinct with Gaussian distribution de�ned with mean and standard deviation of a sample. 

Figure 2

Transformation of a Q-Q matrix or a Q-L vector into KDE distribution.
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Figure 3

Representative examples of KDE model of three target classes. Q2: Heat shock protein 90 (HSP90), Q10: Fibroblast growth factor receptor 1
(FGFR1), Q14: Neuraminidase - In�uenza A virus (HA). X-axis: 3D similarity (Tanimoto coe�cient), Y-axis: relative frequency. 

Figure 4

Example dual quantity (KLD and reverse KLD) comparison between a Q-Q matrix and a Q-L vector. Q2 was used as a Q-Q matrix. X-axis:
KLD value, Y-axis: relative frequency. Self-comparison (orange), 
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Figure 5

ROC curves to show DTI prediction performance. X-axis: false positive rate, Y-axis: true positive rate. Each line indicates respective target
class with AUC area.

Figure 6

Boxplots to show DTI prediction performance. X-axis: percentile rank of KLD features, Y-axis: average precision.

Figure 7

Correlation map between KLD feature vectors in RF model  

Figure 8

Feature pruning result of less important features to show out-of-bag score.

 X-axis: the number of KLD feature vectors, Y-axis: accuracy with respect to the number of features.
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