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Abstract 1 

Background: 3D similarity is useful to predict the profiles of unprecedented molecular 2 

frameworks, 2D dissimilar to known compounds. Basically, when comparing compound pairs, 3 

3D similarity of the pairs depends on conformational sampling of compounds, alignment 4 

method, chosen descriptors, and metric to show limited discriminative power. In addition to 5 

four factors, 3D chemocentric target prediction of an unknown compound requires compound 6 

- target associations. The associations for the target prediction replace compound-to-compound 7 

comparison with compound-to-target comparison.  8 

Results: Quantitative comparison of query compounds to target classes (one-to-group) could 9 

be acquired using two type similarity distributions: one is from maximum likelihood (ML) 10 

estimation of queries and another is from Gaussian mixture model (GMM) of target classes. 11 

While Jaccard-Tanimoto similarity of query-to-ligand pairs could be transformed into query 12 

distribution through ML estimation, the similarity of ligand pairs within each target class could 13 

be transformed into the representative distribution of a target class through GMM, 14 

hyperparameterized through expectation-maximization (EM) algorithm. To quantify the 15 

discriminativeness of a query ligand against target classes, Kullback-Leibler (K-L) divergence 16 

was calculated between two distributions. 17 

Conclusions: Stratified sampled 14K ligands from four target classes, estrogen receptor alpha 18 

(ESR), vitamin D receptor (VDR), cyclooxygenase-2 (COX2), and cathepsin D (CTSD) 19 

presented whether or not each query can be a representative ligand of each target through 20 

compared K-L divergence value. The feasibility index, Fm and the probability, ℙ(𝜈(𝑙𝑚) = 𝑖) 21 

from K-L divergence could summarize 3D chemocentric relationship between target classes. 22 

Keywords: Kullback-Leibler (K-L) divergence; Chemocentric similarity; Tanimoto-Jaccard 23 

coefficient; Gaussian mixture model (GMM); expectation-maximization (EM) algorithm; 24 

Maximum likelihood (ML) estimation; Machine learning 25 



◼ Introduction 1 

In early drug discovery, 3D-similarity between chemicals have been used for virtual 2 

screening (VS) to find desirable ligands for a chosen therapeutic target [1-2]. To our knowledge, 3 

chemical similarity has been a coarse predictor for filtering out less promising chemicals rather 4 

than selecting the most desirable one. The chemical similarity also has contributed to target 5 

screening, retro-VS, under the chemocentric assumption, two similar molecules are likely to 6 

have similar properties so that they can share biological targets or can show similar 7 

pharmacological profile [3-4]. Remarkably, Jain’s group conducted on-target and off-target 8 

prediction through the comparison of 2D and 3D chemical similarity [5]. Based on the 9 

comparison, although dual 2D and 3D similarity-based prediction could show superiority for 10 

either 2D or 3D prediction, 3D prediction could not show dramatic improvement over 2D 11 

prediction. Therefore, when considering cost and speed for the prediction and feature 12 

generation, with the increase of data points according to the chosen conformer number, 3D 13 

similarity may not be more efficient than any feature. However, despite its less cost-14 

effectiveness, 3D similarity can be the best feature for in silico target screening of 15 

unprecedented drug scaffolds, new druglike molecular frameworks [6], for the following 16 

reasons. (1) Novel, unprecedented drug scaffolds can have very low 2D similarity to any known 17 

bioactive molecule [7-9], (2) a novel pharmacological profile of a drug can be more frequently 18 

found through 3D similar off-target prediction [5], and (3) drug properties close to reality can 19 

be generated from their realistic and flexible 3D structure [10-12].  20 

The internalization of Michelangelo Buonarroti’s quote, ‘every block of stone 21 

(chemical) has a statue (utility) inside it, and it is the task of the sculptor (chemist) to discover 22 

it’ gave us the research inspiration for ‘chemistry-oriented synthesis’ of an unprecedented drug 23 

scaffold [7-9] and chemocentric target profiling of the scaffold [7]. For the purpose, we have 24 

intensively studied 3D-similarity of unprecedented drug scaffolds (query) with known 25 



compounds (reference). When comparing compound pairs of the queries and references, 3D 1 

similarity of the pairs depends on (1) conformational sampling of compounds, (2) alignment 2 

method, (3) chosen descriptors, and (4) distance metric (eg. Jaccard-Tanimoto). In addition to 3 

the four factors of 3D VS, the retro-VS of unprecedented drug scaffolds (query) requires 4 

compound - target associations (target class information) in Figure 1. The associations can 5 

make substantial difference between VS and retro-VS in the view of problem solving in data 6 

science: (1) one-to-one comparison for VS in Figure 1(a), (2) one-to-group (class) comparison 7 

for retro-VS in Figure 1(b), and (3) group-to-group comparison for typical parametric statistics 8 

such as ANOVA, t-test. When we calculate similarity of compound pairs in retro-VS, we don’t 9 

want to find the most similar compound of our query but ultimately hope to know the most 10 

reliable target of the query through transformation of chemical similarity. To get the goal, one-11 

to-group comparison should be essentially quantified. However, to our knowledge, such 12 

measurement doesn’t have been reported in cheminformatics.     13 

Herein, we tried to quantitatively compare a query compound with a target class (one-14 

to-group) using two type similarity distributions: one is from maximum likelihood (ML) 15 

estimation of queries and another is from Gaussian mixture model (GMM) of target classes. As 16 

raw data of the distributions, Jaccard-Tanimoto similarity coefficient were calculated in (1) 17 

query-to-ligand pairs and (2) the ligand pairs within each target class. The query-to-ligand 18 

similarity tried to be transformed into query distribution through ML estimation. The ligand 19 

pair similarity also tried to be transformed into the representative distribution of a target class 20 

through GMM. The difference between two distributions could be quantified by Kullback-21 

Leibler (K-L) divergence. In other words, K-L divergence of a query-to-target means 22 

quantified comparison between a query to a target class. In order to evaluate whether the K-L 23 

divergence is right one-to-group comparison or not, we try to test whether any query chosen 24 

from known ligands within a target can discriminate the original target from other targets or 25 



not.  In sequence, target profile of an unprecedented drug scaffold was explained by the K-L 1 

divergence. 2 

◼ Method 3 

Kullback-Leibler divergence. The K-L divergence measures the difference between two 4 

statistical or probabilistic distributions. In particular, K-L divergence has been employed in 5 

various machine learning & deep learning algorithm for statistical inference [17, 18]. Since K-6 

L divergence implies relative entropy, which is important concept to understand statistical 7 

phenomena, it has applied to statistical physics, chemistry and social science. 8 

Let us define two probability spaces (Ω, ℱ, 𝑃) and (Ω, ℱ, 𝑄), where Ω is the sample 9 

space, ℱ  is σ − algebra, and 𝑃  and 𝑄  are probability distributions. Then, to define 10 

Kullback-Leibler divergence, there should be a unique measurable function, 𝑑𝑄𝑑𝑃 ∶  Ω →  ℝ+, 11 

which is called as the Radon-Nykodym derivative, such that 12 

 13 𝑄(E) =  ∫ 𝑑𝑄𝑑𝑃 𝑑𝑃𝐸       (2.1) 14 

 15 

for any measurable set E ∈ Ω  [19] using the measurable function, 
𝑑𝑄𝑑𝑃 .  We define the 16 

Kullback-Leibler divergence,  D(P||Q), as either 17 𝐷(𝑃‖𝑄) ∶=  ∫ − ln (𝑑𝑃𝑑𝑄) 𝑑𝑃Ω   (2.2) 18 

 19 

or 𝐷(𝑃‖𝑄) ∶=  ∫ ln (𝑝(𝑥)𝑞(𝑥)) 𝑝(𝑥)𝑑𝑥∞−∞   (2.3) 20 

 21 

where the probability density functions p(x) and q(x) are defined as 22 𝑃(𝑥) ≔ ∫ 𝑝(𝑥)𝑑𝑥𝑥−∞  and 𝑄(𝑥) ≔  ∫ 𝑞(𝑥)𝑑𝑥𝑥−∞ . (2.4) 23 



The Kullback-Leibler divergence means the information for comparing distributions, 1 

P(x) and Q(x) [19]. Hence, implication of the Kullback-Leibler divergence depends on the 2 

definitions of P(x) and Q(x). For example, 3 

• (Model Inference) If P(x) is the testing distribution based on the model, and Q(x) is 4 

the distribution from the raw data, the difference is the error between the model and reality 5 

[20]. 6 

• (Informatics) If P(x) and Q(x) are information extracted from two objectives, the 7 

divergence is a measurement for the discrimination between two objectives [21, 22]. 8 

• (Bayesian Statistics) If P(x) is a prior distribution and Q(x) is a posterior distribution, 9 

the divergence means information gained through updating [23]. 10 

 11 

In sequence, let us consider a special example. Assume the probability distributions P(x) and 12 

Q(x) replace the Gaussian distributions G(𝑥;𝑚𝑖 , 𝜎𝑖) and G(𝑥;𝑚𝑗 , 𝜎𝑗), where 13 G(𝑥;𝑚𝑖 , 𝜎𝑖) ≔  ∫ 𝑔(𝑠;𝑚𝑖 , 𝜎𝑖)𝑑𝑠𝑥−∞  and  G(𝑥;𝑚𝑗 , 𝜎𝑗) ≔  ∫ 𝑔(𝑠;𝑚𝑗 , 𝜎𝑗)𝑑𝑠𝑥−∞   (2.5) 14 

and the probability density functions 𝑔(𝑠;𝑚𝑖 , 𝜎𝑖) and 𝑔(𝑠;𝑚𝑗 , 𝜎𝑗) are follows, 15 

 16 

{ 
 𝑔(𝑠;𝑚𝑖 , 𝜎𝑖) =  1𝜎𝑖√2𝜋 exp (− (𝑠−𝑚𝑖)22(𝜎𝑖)2 ) 𝑔(𝑠;𝑚𝑗 , 𝜎𝑗) = 1𝜎𝑗√2𝜋 exp (− (𝑠−𝑚𝑗)22(𝜎𝑗)2 ) . (2.6) 17 

 18 

Using (2.3) and (2.5), the Kullback -Leibler divergence between the two Gaussian distributions  19 G(𝑥;𝑚𝑖 , 𝜎𝑖) and G(𝑥;𝑚𝑗 , 𝜎𝑗) in (2.5) are as follows. 20 𝐷(𝐺(𝑥;𝑚𝑖 , 𝜎𝑖)‖𝐺(𝑥;𝑚𝑗 , 𝜎𝑗))  21 

= 𝑖 [ln (𝐺(𝑥;𝑚𝑖, 𝜎𝑖)𝐺(𝑥;𝑚𝑗,𝜎𝑗))] 22 

= ∫ 𝑔(𝑠;𝑚𝑖 ,∞−∞ 𝜎𝑖) ln( 𝑔(𝑥;𝑚𝑖 , 𝜎𝑖))𝑑𝑠 − ∫ 𝑔(𝑠;𝑚𝑖 ,∞−∞ 𝜎𝑖) ln( 𝑔(𝑥;𝑚𝑗 , 𝜎𝑗))𝑑𝑠 23 



= ∫ 𝑔(𝑠;𝑚𝑖 ,∞−∞ 𝜎𝑖) ln (− (𝑠−𝑚𝑖)22(𝜎𝑖)2 − ln(𝜎𝑖√2𝜋)) 𝑑𝑠 + ∫ 𝑔(𝑠;𝑚𝑖 ,∞−∞ 𝜎𝑖) ln(− (𝑠−𝑚𝑗)22(𝜎𝑗)2 +1 

ln(𝜎𝑗√2𝜋)) 𝑑𝑠       (2.7) 2 

 3 

By the following relationships,  4 

  ∫ 𝑔(𝑠; 𝑚, 𝜎)𝑑𝑠 = 1,∞−∞  5 

  ∫ 𝑠𝑔(𝑠; 𝑚, 𝜎)𝑑𝑠 = 𝑚,∞−∞     (2.8) 6 

  ∫ (𝑠 − 𝑚)2𝑔(𝑠; 𝑚, 𝜎)𝑑𝑠 = (𝜎)2,∞−∞  7 

we obtain  8 

= −12 − ln( 𝜎𝑖√2𝜋) + (𝜎𝑖)2 + (𝑚𝑖 −𝑚𝑗)22(𝜎𝑗)2 
+ ln( 𝜎𝑗√2𝜋) 9 

= ln (𝜎𝑗𝜎𝑖) + (𝜎𝑖)2+(𝑚𝑖−𝑚𝑗)22(𝜎𝑗)2 
− 12       (2.9) 10 

 11 

and this Kullback-Leibler divergence between univariate normal distributions (2.9) is extended 12 

to multivariate distributions [24]. 13 

Gaussian mixture model. The mixture models are methods how to analyze compositional data. 14 

Denote Φ as a probabilistic density generated from the unknown compositional data and 𝑝 15 

as well-known probability density. With x as a random vector, we define the functional 16 

operator 𝛯(Φ(𝐱)|𝑝,  𝐾) as 17 𝛯(Φ(𝐱)|𝑝, 𝜔,  λ,  𝐾) ≔  ∑ 𝜔𝑘 𝑝(𝐱 ∶  λ𝑘)𝐾𝑘=1   (2.10)  18 

where for k = 1, 2, … , K, 𝜔𝑘, 𝜆𝑘  are weights and vectors of hyperparameters, and p𝑖 is the 19 i𝑡ℎ component, which is independently and identically distributed (i.i.d) [25]. In this paper, to 20 

obtain a representative distribution, we adopt GMM [26].  Notably, GMM is a model 21 

applicable for describing non-Gaussian distributions as well as Gaussian distributions [27]. The 22 

probability density 𝑝(x ∶  𝜆𝑘) is the Gaussian density function g(x;m𝑘, 𝜎𝑘) in (2.5). In the 23 



Gaussian mixture model, it is essential to estimate the weight(ω𝑘), mean(m𝑘), and standard 1 

deviation (𝜎𝑘). Herein, the two methods, EM algorithm [28] and ML estimation [29], were 2 

chosen for the estimation of hyperparameters from sparse and incomplete data. Concretely, EM 3 

algorithm for GMM is summarized as follows. 4 

   - Start with an initial guess for the parameters of GMM 5 

- E-step: calculate conditional expectation of log-likelihood, 𝐿ℎ() for incomplete data 6 Φ(𝑥) with respect to ∑ �̂�𝑘(𝑛) 𝑔(𝐱 ; �̂�𝑘(𝑛), �̂�𝑘(𝑛))𝐾𝑘=1 , 𝑄𝚽, 7 

 ∫ ∑ �̂�𝑘(𝑛) 𝑔(𝐱; �̂�𝑘(𝑛), �̂�𝑘(𝑛))𝐾
𝑘=1 𝐿ℎ(𝚽, 𝐱|𝜔1, ⋯ , 𝜔𝐾 ,  𝑚1, ⋯ ,𝑚𝐾 , 𝜎1, ⋯ , 𝜎𝐾 )𝑑𝐱 =:𝑄𝚽(𝜽 ,    �̂�(𝑛)) 8 

(2.11) 9 

where  𝜽,   �̂�(𝑛) are vectors of hyperparameters such that 10 

{ 𝜽 = (𝜔1, ⋯ , 𝜔𝐾 ,  𝑚1, ⋯ ,𝑚𝐾 , 𝜎1, ⋯ , 𝜎𝐾) ,                                                                    �̂�(𝑛) = (�̂�1(𝑛), ⋯ , �̂�𝐾(𝑛),  �̂�1(𝑛), ⋯ , �̂�𝐾(𝑛), �̂�1(𝑛), ⋯ , �̂�𝐾(𝑛))    𝑓𝑜𝑟  𝑛 ∈ 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑖𝑛𝑡𝑒𝑔𝑒𝑟𝑠,   (2.12) 11 

and 𝐱 is a random variable 12 

-  M-step: determine the parameters    �̂�(𝑛+1) such that 13   �̂�(𝑛+1) = argmax𝜽  𝑄𝚽(𝜽 ,    �̂�(𝑛)),    (2.13) 14 

 15 

Then, in order to find the set of hyperparameters 𝜃 , we obtain the following recursive 16 

relationship of elements in �̂�(𝑛):  17 

�̂�𝑖(𝑛+1) =  
1𝑁∑𝑧𝑖𝑗(𝑛),𝑁

𝑗   18 

�̂�𝑖(𝑛+1) =  
∑ 𝑧𝑖𝑗(𝑛)𝑥𝑗𝑁𝑗∑ 𝑧𝑖𝑗(𝑛)𝑁𝑗 , and  (2.14) 19 

(𝜎�̂�(𝑛+1))2 =  

∑ 𝑧𝑖𝑗(𝑛) (𝑥𝑗 − �̂�𝑖(𝑚+1))2  𝑁𝑗 ∑ 𝑧𝑖𝑗(𝑛)𝑁𝑗  20 



where 1 

  𝑧𝑖𝑗(𝑛) ≔ �̂�𝑖(𝑛) 𝑔(𝑥𝑗;�̂�𝑖(𝑛), �̂�𝑖(𝑛))∑ �̂�𝑘(𝑛) 𝑔(𝑥𝑗;�̂�𝑘(𝑛), �̂�𝑘(𝑛))𝐾𝑘=1       (2.15) 2 

 3 

- Iterate the E- step and M-steps until the following condition is satisfied: there exists 4 

a positive, infinitesimal number ϵ such that 5 |  �̂�(𝑛) −   �̂�(𝑚)| < ϵ,   (2.16) 6 

for n > N, where N is a proper large number [30]. 7 

 For convenience, when applying the ML estimation, Φ(𝒙) is transformed as the mixture 8 

model, 𝛯(Φ(𝒙)|𝑝, 𝜔,  λ,  𝐾) is replaced by 𝛯𝐸𝑀(Φ(𝒙)|𝑝, 𝜔,  λ,  𝐾). When applying the ML 9 

estimation, Φ(𝒙) is transformed as the mixture model 𝛯(Φ(𝒙)|𝑝, 𝜔,  λ,  𝐾) is replaced by 10 𝛯𝑀𝐿(Φ(𝒙)|𝑝, 𝜔,  λ,  𝐾). 11 

 12 

◼ Results and discussion 13 

In this study, we aim the quantitative method to extract the representative information 14 

(for target prediction of a query compound) from chemical similarity and known 'compound - 15 

target association' information. For the purpose, 3D-similarity distributions could be acquired 16 

from 3D similarity matrix, which is occupied by Jaccard-Tanimoto coefficients of (1) query-17 

to-ligand pairs and (2) the ligand pairs within each target class. Jaccard-Tanimoto coefficients 18 

could be calculated from two type features, molecular shape and heteroatom features 19 

(pharmacophore features) using Openeye Toolkit. Practically, the discriminativeness between 20 

a query and a target class could be quantified according to the next process. 21 

Step 1. EM algorithm based GMM made us obtain representative distribution (Q-22 

distribution) for a target class, which follows Gaussian or non-Gaussian distributions. 23 

Step 2. A query-to-ligand similarity distribution could be fitted into Gaussian 24 



distributions through ML estimation. 1 

Step 3. K-L divergence between the two distributions from Step 1 and 2 made us 2 

predict target of the query. The higher deviation of K-L divergence values between target 3 

classes made the query more representative ligand of a class than other queries. In addition, the 4 

probability ℙ(𝜈(𝑙𝑚) = 𝑖)  from K-L divergence values and the feasibility index,  F𝑚  also 5 

made us quantify the discrimination between target classes. 6 

 7 

Data set. In detail, let us select four pharmacological targets, four classes, which are estrogen 8 

receptor alpha (ESR), vitamin D receptor (VDR), cyclooxygenase-2 (COX2), and cathepsin D 9 

(CTSD). We randomly sample 13957 queries in each class. Before performing specific 10 

calculations, for convenience, let simple numbers denote the four classes, i.e., 11 

 12 

{ 𝐸𝑠𝑡𝑟𝑜𝑔𝑒𝑛 𝑟𝑒𝑐𝑒𝑝𝑡𝑜𝑟 𝑎𝑙𝑝ℎ𝑎 → 1,     𝑉𝑖𝑡𝑎𝑚𝑖𝑛 𝐷 𝑟𝑒𝑐𝑒𝑝𝑡𝑜𝑟 → 2,           𝐶𝑦𝑐𝑙𝑜𝑜𝑥𝑦𝑔𝑒𝑛𝑎𝑠𝑒 − 2 → 3,                𝐶𝑎𝑡ℎ𝑒𝑝𝑠𝑖𝑛 𝐷 → 4.                      (3.1) 13 

 14 

Let either m or n be called as the class number, which is an integer between 1 and 4 such as 15 

(3.1), and C𝐿(𝑚)  and C𝐿(𝑛) ∈ ℝ𝑁   denote vectors whose element is the Tanimoto 16 

coefficient of a query in the m-th class. Let us define T𝑀 ∶ ℝ2𝑁 → ℝ𝑁 × ℝ𝑁 as the Tanimoto 17 

matrix operator such that 18 (𝐓𝐌[𝐂𝒍(𝑚), 𝑪𝒍(𝑛)])𝑖𝑗 ∶= Tc(< 𝐞𝐢 ⋅  𝐂𝐥(𝑚) >,< 𝐞𝐣, 𝐂𝐥(𝑛) >)   (3.2) 19 

where Tc(𝑖, 𝑗)  is a scalar operator between two queries i-th and j-th for the Tanimoto 20 

coefficient, and e𝑖 and e𝑗 are unit vectors for the i-axis and j-axis < , > is the inner product. 21 

Representative distributions, Q for target classes. In this section, we will obtain the 22 

representative distributions corresponding to each target class through GMM of ligand pair 23 



similarity. First, using the similarity matrix 𝐓𝐌[𝐂𝐥(𝑚), 𝐂𝐥(𝑛)]𝑖𝑗  in (3.2), where m = n, we 1 

define the following univariate probability densities, Φ𝑛(𝑥𝑘), by 2 Φ𝑛(𝑥𝑖)𝛿𝑥 ∶= ℙ(𝑥𝑘 ≤ 𝑋 = 𝐓𝐌[𝐂𝐥(𝑚), 𝐂𝐥(𝑛)]𝑖𝑗 ≤ 𝑥𝑘+1),  (3.3) 3 

where ℙ is the probability measure, and 0 = 𝑥0  and x𝑘+1 = 𝑥𝑘 +  𝛿𝑥.  Therefore, the 4 

probability densities, Φ𝑛(𝑥), satisfy the following equation: 5 ∑ Φ𝑛(𝑥𝑖)𝛿𝑥 = 1999𝑖=0   (3.4) 6 

 7 

Second, to extract representative distributions from Φ𝑛(𝑥), we utilize the Gaussian 8 

mixture model. In details, probability densities, Φ𝑛(𝑥), are expressed as approximated from 9 𝛯𝐸𝑀(Φ𝑛(𝑥)|𝑮, 𝜔, 𝜇, 𝜎, 𝐾), which is the weighted sum of K univariate Gaussian distributions. 10 

That is, 11 𝛯𝐸𝑀(Φ𝑛(𝑥)|𝑔, 𝜔, 𝜇, 𝜎, 𝐾) =  ∑ 𝜔𝑘 𝑔(𝑥;𝑚𝑘, 𝜎𝑘),     𝐾𝑘=1 (3.5) 12 

where ω𝑖 , 𝑚𝑖 , and 𝜎𝑖 are shown in Table 1.  To estimate hyperparameters ω𝑖 , m𝑖 , 𝑎𝑛𝑑 𝜎𝑖, 13 

we use the EM algorithm in the method section. Table 1 shows the mean, standard deviation, 14 

and weight corresponding to components in the mixture model. And Figure 2 depicts the 15 

difference between probability densities, Φ𝑛(𝑥), and 𝛯𝐸𝑀(Φ𝑛(𝑥)|𝑔, 𝜔, 𝜇, 𝜎, 𝐾) 𝑤ℎ𝑒𝑟𝑒 𝐾 =16 1, 3, and 7. When comparing component K, K =3 and 7 showed similarly fitted to histograms 17 

of raw data and normal Gaussian showed insufficient fitting in ESR, COX2, and CTSD (Figure 18 

2). Commonly, mean and mode of the representative distributions existed near to 0.5 and every 19 

distribution was skewed to the right.  20 

 21 

Gaussian distributions for queries. So far, we have built the representative distributions 22 

corresponding to ESR, VDR, COX2, and CTSD. To compare them quantitatively with the 23 

distributions of queries, let us introduce the Kullback-Leibler divergence. To calculate the K-24 

L divergence, we need to build each distribution for each query. 25 



For the purpose, we also call 𝐓𝐌[𝐂𝐥(𝑚), 𝐂𝐥(𝑛)]  of (3.2) in a similar way to the 1 

described method for representative distributions for target classes. When a query is l-th ligand 2 

of 𝐂𝐥(𝑛), the l-th column's elements in the above matrix, 𝐓𝐌[𝐂𝐥(𝑚), 𝐂𝐥(𝑛)] can be used for 3 

the l-th column vector, 𝛕𝒎(𝑚, 𝑛, 𝑙), as 4 𝛕𝒎(𝑚, 𝑛, 𝑙) ≔ 𝐓𝐌[𝐂𝐥(𝑚), 𝐂𝐥(𝑛)]𝐄𝑙     (3.6) 5 

Where the value of E𝑙 for 𝑗 = 1, 2, … , N are the (N × N) matrices for which the elements 6 (𝐄𝒍)𝑖𝑗 satisfies  7 

(𝐄𝒍)𝑖𝑗 ∶=  {    1,          𝑖𝑓     𝑖 = 𝑗0,        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒    (3.7). 8 

Using the above vector, 𝛕𝒎(𝑚, 𝑛, 𝑙) in (3.6), we define the following univariate probability 9 

densities, 𝛷𝑚𝑛(𝑙) (𝑥𝑘), 𝑎𝑠   10 𝛷𝑚𝑛(𝑙) (𝑥𝑘)𝛿𝑥 ∶= ℙ(𝑥𝑘 ≤ 𝑋 = (𝝉𝒎(𝑚, 𝑛, 𝑙))𝑖 ≤ 𝑥𝑘+1)    (3.8) 11 

where the probability measure ℙ is in (3.3). 12 

Before obtaining the probability distribution, we make two assumptions. First, we 13 

assume that a distribution from one query is not a weighted sum of Gaussian distributions but 14 

a simple Gaussian distribution. It is reasonable that a distribution from one query is simpler 15 

than Q distribution of a target class having 14K queries. Second, to estimate the parameters in 16 

the Gaussian distribution, we choose the ML estimation, which is a general method in which 17 Ξ𝑀𝐿(𝛷𝑚𝑛(𝑙) (𝑥𝑘)|𝑔, 𝜔, 𝜇, 𝜎, 1) =  𝑔(𝑥; 𝜇1, 𝜎1)   (3.9) 18 

where 𝜇1   and 𝜎1  are hyperparameters and are maximized log-likelihood functions for 19 

normal distribution, i.e.,  20 (𝜇1, 𝜎1) ≔ argmax(𝜇,𝜎) ∑ (𝑥𝑘−𝜇)2𝜎2100𝑘=1      (3.10) 21 

Using the above definition (3.9), (3.10), each query makes the four distributions corresponding 22 

to the 4 classes, ESR, VDR, COX2, and CTSD. For example, when CHEMBL539392 is chosen 23 

as a query (l) among ligands of ESR (class 1), we can obtain the distributions 24 



𝛷11(𝑙)(𝑥𝑘), 𝛷12(𝑙)(𝑥𝑘), 𝛷13(𝑙)(𝑥𝑘) 𝑎𝑛𝑑 𝛷14(𝑙)(𝑥𝑘) under the definitions of (3.1) and (3.8). According 1 

to (3.9) and (3.10), four representative Gaussian distributions of the query, CHEMBL539392 2 

were acquired from the column vector between CHEMBL539392 and 14K ligands of each 3 

class, which are 4 

{   
   Ξ𝑀𝐿(𝛷11(𝑙)(𝑥𝑘)|𝑔, 𝜔, 𝜇, 𝜎, 1) = 𝑔(𝑥; 0.24055, 0.07472 ),Ξ𝑀𝐿(𝛷12(𝑙)(𝑥𝑘)|𝑔, 𝜔, 𝜇, 𝜎, 1) = 𝑔(𝑥; 0.21976,0.06466 ),Ξ𝑀𝐿(𝛷13(𝑙)(𝑥𝑘)|𝑔, 𝜔, 𝜇, 𝜎, 1) = 𝑔(𝑥; 0.24389,0.04857 ),Ξ𝑀𝐿(𝛷14(𝑙)(𝑥𝑘)|𝑔, 𝜔, 𝜇, 𝜎, 1) = 𝑔(𝑥; 0.21187,0.06631  ),

    for 𝑘 = 0, 1, … , 99.  5 

(3.11) 6 

In the same way, we can obtain univariate normal distributions of all queries in each class. 7 

Since the number of classes is four and there are 14K queries in each class, the Gaussian 8 

distributions, G(x; 𝜇1, 𝜎1), from Ξ𝑀𝐿(𝛷𝑚𝑛(𝑙) (𝑥𝑘)|𝑔, 𝜔, 𝜇, 𝜎, 1)  presented the class number, 9 

either m or n, is an integer between 1 and 4 and the query number, l, is an integer from 1 to 10 

14000.  As the result, the frequency distributions of the estimates, mean (𝜇1) and standard 11 

deviation (𝜎1) were described in Figure 3, 4, 5, and 6. In the view of frequency, ML estimation 12 

can’t show any difference between self-query (m = n) and cross-query (m ≠ n). Even though 13 

cathepsin D (CTSD) showed slightly lower mean than other classes, the self-comparison also 14 

showed low mean in Figure 6. Regardless of a class or a query (self/cross), 3D-similarity of 15 

ligand pairs within a class showed the mode near to 0.6 so that the result reminded us why the 16 

quantitative comparison between queries is required. Notably, univariate probability 17 

distributions of 3D-similarity, themselves cannot discriminate target class at all. 18 

 19 

Discrimination and K-L divergence. In sequence, 3D-similarity distributions of target classes 20 

and queries are quantitatively compared through K-L divergence calculation. First, the 21 

information describing specific Tanimoto-Jaccard coefficients, x, can be written as  22 



ln (𝚵𝑴𝑳(𝛷𝑚𝑛(𝑙) (𝑥)|𝑔,𝜔, 𝜇, 𝜎, 1)𝚵𝑬𝑴(Φ𝑛(𝑥)|𝑔,𝜔, 𝜇, 𝜎, 𝐾) )   (3.12) 1 

from two probability density distributions, Ξ𝑀𝐿(𝛷𝑚𝑛(𝑙) (𝑥)|𝑔, 𝜔, 𝜇, 𝜎, 1) and 2 Ξ𝑬𝑴(Φ𝑛(𝑥)|𝑔, 𝜔, 𝜇, 𝜎, 𝐾), which are generated from a query and a class.  Hence, following 3 

the expected value from the above information (3.12) with respect to one query, the K-L 4 

divergence,  5 

𝐷 ( Ξ𝑀𝐿(𝜙𝑚𝑛(𝑙) (𝑥)|𝑔, 𝜔, 𝜇, 𝜎, 1)‖ Ξ𝐾𝐿(ϕ𝑛 (𝑥)|𝑔, 𝜔, 𝜇, 𝜎, 𝐾)) 6 

  = ∫Ξ𝑀𝐿(𝜙𝑚𝑛(𝑙) (𝑥)|𝑔, 𝜔, 𝜇, 𝜎, 1) ln (Ξ𝑀𝐿(𝜙𝑚𝑛(𝑙) (𝑥)|𝑔, 𝜔, 𝜇, 𝜎, 1)Ξ𝐸𝑀(ϕ𝑛 (𝑥)|𝑔, 𝜔, 𝜇, 𝜎, 𝐾))𝑑𝑥    (3.13) 7 

is a measurement for the discrimination. 8 

 9 

In the GMM with one component (K = 1), the K-L divergence between Gaussian 10 

distributions of every query and Q distributions (Table 1) were calculated and randomly chosen 11 

queries were described in Tables 2. To show the calculation process in detail, let us consider 12 

the example where a query is the CHEMBL539392. Using the above equation for Kullback-13 

Leibler divergence between normal distributions (2.9), 14 

 15 

𝐷(𝐺(𝑥;𝑚𝑖 , 𝜎𝑖)‖𝐺(𝑥;𝑚𝑗 , 𝜎𝑗)) = ln (𝜎𝑗𝜎𝑖) + (𝜎𝑖)2+(𝑚𝑖−𝑚𝑗)22(𝜎𝑗)2 − 12    (3.14) 16 

where 17 

{𝐺(𝑥;𝑚𝑖 , 𝜎𝑖) = Ξ𝑀𝐿(𝜙1𝑛(1)(𝑥)|𝑔, 𝜔, 𝜇, 𝜎, 1)𝐺(𝑥;𝑚𝑗 , 𝜎𝑗) = Ξ𝐸𝑀(𝛟𝑛 (𝑥)|𝑔, 𝜔, 𝜇, 𝜎, 1)    (3.15) 18 

 19 

We obtain the four values. 20 ① When n = 1, i.e., the class is ESR, the parameters are as follows 21 



𝑚𝑖 = 0.24055, 𝜎𝑖 = 0.07472, 𝑚𝑗 = 0.5483, 𝜎𝑗 = 0.1458    (3.16) 1 

and we then obtain the following K-L divergence: 2 𝐷(𝐺(𝑥;𝑚𝑖 , 𝜎𝑖)‖𝐺(𝑥;𝑚𝑗 , 𝜎𝑗)) = 2.1493   (3.17) 3 ② When n = 2, i.e., the class is VDR, the parameters are as follows 4 𝑚𝑖 = 0.21976, 𝜎𝑖 = 0.06466, 𝑚𝑗 = 0.5981, 𝜎𝑗 = 0.1224        (3.18) 5 

and we then obtain the following K-L divergence: 6 𝐷(𝐺(𝑥;𝑚𝑖 , 𝜎𝑖)‖𝐺(𝑥;𝑚𝑗 , 𝜎𝑗)) = 4.6939   (3.19) 7 ③ When n = 3, i.e., class is Cyclooxygenase-2, the parameters are follows, 8 𝑚𝑖 = 0.24389, 𝜎𝑖 = 0.04857, 𝑚𝑗 = 0.5941  𝜎𝑗 = 0.1758    (3.20) 9 

and then we obtain the following K-L divergence: 10 𝐷(𝐺(𝑥;𝑚𝑖 , 𝜎𝑖)‖𝐺(𝑥;𝑚𝑗 , 𝜎𝑗)) = 2.0810    (3.21) 11 ④ When n = 4, i.e., the class is CTSD, the parameters are as follows  12 𝑚𝑖 = 0.21187, 𝜎𝑖 = 0.06631, 𝑚𝑗 = 0.4560, 𝜎𝑗 = 0.1320    (3.22) 13 

and we then obtain the following K-L divergence: 14 𝐷(𝐺(𝑥;𝑚𝑖 , 𝜎𝑖)‖𝐺(𝑥;𝑚𝑗 , 𝜎𝑗)) = 1.6354    (3.23) 15 

As shown in the table 2, K-L divergence of every query could not always be the 16 

smallest value in their original targets annotated by ChEMBL DB. Even though considerable 17 

number of queries could show that K-L divergence resulting from an original target are smaller 18 

than the values from other target classes, CHEMBL539392 of ESR, CHEMBL1163237 of 19 

COX2, and CHEMBL263810 of CTSD assigned less difference into another target to give false 20 

prediction (Table2). When we counted the queries discriminating between the original targets 21 

and other targets from each 14K queries of 4 classes under GMM (K = 1), the right predicted 22 

numbers were 6.3K, 5.2K, 4.1K, and 6.4K among each 14K queries respectively (the order: 23 

ESR, VDR, COX2, and CTSD). When applying GMM (K = 3) and (K = 7) for Q distributions, 24 

the true positive ratio decreased (ESR: 5.1K, VDR: 4.5K, COX2: 3.2K, and CTSD: 4.9K in K 25 



= 3; ESR: 4.9K, VDR: 4.5K, COX2: 3.1K, and CTSD: 4.8K in K = 7).  1 

After the indivisual K-L divergence comparison of each compound, 2 

discriminativeness between target classes need to be quntitifyed. In sequence, The K-L 3 

divergence between Gaussian distributions of 14K queries and Q distributions (K =1,3, and 7) 4 

for the four target classes were presented as a cumulative distribution from the Figure 7 to 5 

Figure 10. To investigate the feasibility of the information, let us define following distribution, 6 ℙ(𝜈(𝑙𝑚) = 𝑖) for i = 1, 2, 3, 4,         (3.24) 7 

 8 

where 𝑙𝑚 is the query number in class m and the random variable ν(𝑙𝑚) is a class number 9 

such that 10 ν(𝑙𝑚)  ≔ argmin𝑛 {𝐷{ Ξ𝑀𝐿(𝜙𝑚𝑛𝑙𝑚 (𝑥)|𝑔, 𝜔, 𝜇, 𝜎, 1)‖ Ξ𝐸𝑀(ϕ𝑛 (𝑥)|𝑔, 𝜔, 𝜇, 𝜎, 1)}| 1≤ n ≤11 4, 1 ≤ l𝑚 ≤ 14K}.  (3.25) 12 

If the K-L divergence (3.13) is an ideal measurement for discrimination between target classes, 13 (𝜈(𝑙𝑚) = 𝑖) should satisfy the following conditions 14 

• Necessary condition : ℙ(𝜈(𝑙𝑚) = 𝑚) ≥ max𝑖≠𝑚 ℙ( 𝜈(𝑙𝑚) = 𝑖) 15 

• Sufficient condition : Let us define the feasibility index, F𝑚, such that  16 

       F𝑚 ≔ √ ℙ(𝜈(𝑙𝑚)=𝑚)1−ℙ(𝜈(𝑙𝑚)=𝑚) ≥ 1  (3.26) 17 

The above conditions imply a quantitative measurement for the discrimination. In particular, 18 F𝑚 in the sufficient condition represents the ratio between two probabilities, which are that a 19 

query belongs to the class of itself and the query belongs to other classes. A larger value of F𝑚 20 

indicates better feasibility or resolution for the discrimination. The below Table 3 depicts the 21 

probability of K-L divergence ℙ(𝜈(𝑙𝑚) = 𝑖) for 1 ≤ i,𝑚 ≤ 4, and shows that, except for 22 

the example m=3 where the class is COX2, tested classes meet the necessary condition 23 ℙ(𝜈(𝑙𝑚) = 𝑚) ≥ max𝑖≠𝑚 ℙ( 𝜈(𝑙𝑚) = 𝑖) in 3.3. With respect to feasibility index, F𝑚 in 3.3, it 24 



is easiest to distinguish a query in the class CTSD, where m =4, from in in every classes except 1 

itself (Figure 11). When the feasibility index resulting from the GMM (K = 1) was compared 2 

with the index calculated from GMM (K = 3) and (K = 7) for Q distributions, GMM (K = 1) 3 

showed superior feasibility for the class discrimination to GMM (K = 3) or (K = 7) as shown 4 

in Table 3. 5 

 6 

A representative of ligands for better discriminative prediction. According to described 7 

results (Figure from 7 to 11 and Table 2 and 3), 3D-similarity based K-L divergence together 8 

with ℙ(𝜈(𝑙𝑚) = 𝑚) and F𝑚showed discriminative power on some ‘query – class’. Then, how 9 

can we use the 3D-chemocentric approach efficiently under the current discriminative power? 10 

Notably, it is applicable for the investigation on the novel pharmacology of an unprecedented 11 

compound. For the purpose, K-L divergence of an unprecedented compound should be 12 

calculated for the comparison with known ligands and target classes. In detail, a representative 13 

of ligands within each target class can be chosen for the comparison. For example, we selected 14 

the four type representatives: (1) mean of Q-distribution (GMM, K = 1), (2) an outlier of Q-15 

distribution (Mean ± 2SD), (3) the biggest gap of K-L divergence between two target classes, 16 

and (4) the highest similarity with unprecedented compound (Table 4). As an example, BNDS-17 

A, recently reported in-house compound [7], was used as the unprecedented compound due to 18 

the absence of ChEMBL DB. The first type query near to mean of Q-distribution could show 19 

smaller K-L divergence rather than other queries (Table 4). Initial assumption, initial selection 20 

of the target class of BNDS-A (in other words, selection of Q-distribution), made the critical 21 

effect on K-L divergence of BNDS-A as a query for the prediction of target class. When ESR 22 

was assumed as the initial target of BNDS-A, BNDS-A was more ESR ligand like than 23 

CHEMBL558943 (at ‘Mean − 2SD’ of ESR Q-distribution) and CHEMBL604989 (having 24 

biggest K-L divergence gap), and was less ESR like than CHEMBL499809 (at Mean of ESR 25 



Q-distribution) and CHEMBL2 (at Mean + 2SD). Under the assumption (Q of ESR), BNDS-1 

A showed lowest KL divergence with VDR ligands (0.0588 of VDR < 0.2116 of ESR) to 2 

suggest VDR ligand-like more than ESR ligand-like. When the initial target was transferred to 3 

VDR or COX2, BNDS-A showed lowest K-L divergence to satisfy the assumption (chosen Q). 4 

In particular, BNDS-A was more VDR ligand-like than representative ligands. Experimentally, 5 

BNDS-A concentration-dependently regulated the expression level of targets (VDR > CTSD 6 

>> ESR) [7]. Based on K-L divergence and acquired experiments, COX2 is enough reasonable 7 

target for testing BNDS-A. In addition, the 3D-similarity based K-L divergence (between a 8 

query and a class) is superior comparison to (1) 3D-similarity score between a query and a 9 

ligand or (2) univariate distribution of 3D-similarity described in the previous study of BNDS-10 

A [7]. Such as the example of BNDS-A, whenever getting relevance between a novel query 11 

and a target class, K-L divergence can be called for 3D-chemocentric informatics.  12 

 13 

◼ Conclusions  14 

We proposed the K-L divergence measurement of 3D-similarity information for 15 

discriminative prediction in chemocentric informatics. Since Q distributions of target classes 16 

could be compared with Gaussian distribution of query pairs, the K-L divergence of any 17 

unknown query could be applicable with the squared number of classes to suggest the best 18 

class. The feasibility index, Fm from K-L divergence could show us the discriminativeness 19 

between target classes. In this study, CTSD could show the most desirable feasibility and 20 

COX2 indicated less desirable target for chemocentric informatics. Although the feasibility 21 

also depends on fitting model (eg. K number of GMM), the order of feasibilities retained 22 

regardless of fitting models. The study could contribute to the 3D-chemocentric target 23 

deconvolution for unprecedented drug scaffolds. In the recent future, we hope that the 24 

quantitative method will apply to the chemical optimization between chemical space and 25 



pharmacological space with further study. 1 
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Figure Legend  6 

Figure 1. The problem definition of 3D chemo-centric Retro-VS. (a) The role of chemical 7 

similarity in virtual screening, (b) The role of chemical similarity in retro-virtual screening, 8 

and (c) Target screening of an unprecedented drug scaffold as a retro-virtual screening. 9 

 10 

Figure 2. Representative distributions (Q-distributions) of target classes using EM based 11 

Gaussian Mixture model (𝛯𝐸𝑀(Φ𝑛(𝑥)|𝑔, 𝜔, 𝜇, 𝜎, 𝐾)  of ligand pair similarity. The red line: 12 

GMM K = 1, blue line: GMM K = 3, black line: GMM K = 7, pink bar: histogram of raw data.* 13 



 1 

*Abbreviation: Estrogen receptor alpha (ESR), Vitamin D receptor (VDR), Cyclooxygenase-2 

2 (COX2) and Cathepsin D (CTSD). 3 

 4 

 5 

 6 

 7 

 8 

 9 

 10 

 11 

 12 

 13 

Figure3. Frequency distributions of Ξ𝑀𝐿(𝛷1𝑛(𝑙)(𝑥𝑘)|𝑔, 𝜔, 𝜇, 𝜎, 1) estimates (𝜇1and 𝜎1). Query 14 

(l) ∈ ESR (class = 1). 15 
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Figure 4. Frequency distributions of Ξ𝑀𝐿(𝛷2𝑛(𝑙)(𝑥𝑘)|𝑔, 𝜔, 𝜇, 𝜎, 1) estimates (𝜇1and 𝜎1). Query 11 

(l) ∈ VDR (class = 2). 12 
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Figure 5. Frequency distributions of Ξ𝑀𝐿(𝛷3𝑛(𝑙)(𝑥𝑘)|𝑔, 𝜔, 𝜇, 𝜎, 1) estimates (𝜇1and 𝜎1). Query 11 

(l) ∈ COX2 (class = 3). 12 
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Figure 6. Frequency distributions of Ξ𝑀𝐿(𝛷4𝑛(𝑙)(𝑥𝑘)|𝑔, 𝜔, 𝜇, 𝜎, 1) estimates (𝜇1and 𝜎1). Query 11 

(l) ∈ CTSD (class = 4). 12 
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Figure 7. The cumulative densities of K-L distance between Q-distribution (Target class: ESR) 11 

and queries.* 12 



 1 

*X-axis: K-L divergence, Y-axis: cumulative density; Q-distribution of ESR through GMM 2 

and distribution of queries were calculated. 3 
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Figure 8. The cumulative densities of K-L distance between Q-distribution (Target class: VDR) 14 

and queries.* 15 



 1 

*X-axis: K-L divergence, Y-axis: cumulative density; Q-distribution of VDR through GMM 2 

and distribution of queries were calculated. 3 
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 21 

Figure 9. The cumulative densities of K-L distance between Q-distribution (Target class: 22 

COX2) and queries.* 23 



 1 

*X-axis: K-L divergence, Y-axis: cumulative density; Q-distribution of COX2 through GMM 2 

and distribution of queries were calculated. 3 
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Figure 10. The cumulative densities of K-L distance between Q-distribution (Target 21 

class:CTSD) and queries.* 22 



 1 

*X-axis: K-L divergence, Y-axis: cumulative density; Q-distribution of CTSD through GMM 2 

and distribution of queries were calculated. 3 
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Figure 11. Feasibility index according to target class and GMM component (K).  21 
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Table legends 3 

Table 1. Hyperparameters of Q distributions for target classes 4 
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Table2. K-L divergence of randomly chosen queries between Q distributions and the 6 

distributions of queries  7 

Class Query 
Chemical 
Structure 

K-L Divergence 

ESR VDR COX2 CTSD 

ESR 
CHEMBL 

539392 

 

2.6310 5.2420 2.9952 1.9426 

GMM ESR VDR COX2 CTSD 

No(i) m𝑖 𝜎𝑖 m𝑖 𝜎𝑖 m𝑖 𝜎𝑖 m𝑖 𝜎𝑖 
1 0.5483 0.1458 0.5981 0.1224 0.5941 0.1758 0.4560 0.1320 



CHEMBL 
193280 

 

0.0223 0.1144 0.0685 0.0363 

CHEMBL 
443605  

0.0564 0.1847 0.1638 0.2186 

VDR 

CHEMBL 
7162 –

cox2&VDR 
 

0.0658 0.0107 0.0795 0.0637 

CHEMBL 
1322390 

 

0.0488 0.0420 0.2391 0.0682 

CHEMBL 
1452735 

 

0.0983 0.0849 0.3748 0.1003 

COX2 

CHEMBL 
1163237 

 

0.4773 0.7264 0.4693 0.2694 

CHEMBL 
127560 

 

0.0811 0.0436 0.0326 0.0490 

CHEMBL 
271614 

 

0.0704 0.0417 0.0684 
0.0724 

 

CTSD 

CHEMBL 
263810 

 

0.0889 
 

0.0146 0.2667 0.1014 

CHEMBL 
252655 

 

0.6800 1.0065 0.9193 
0.1174 

 

CHEMBL 
436438 

 

0.5331 0.8771 0.8109 0.0766 



Table 3. The description on  ℙ(𝜈(𝑙𝑚) = 𝑖) and F𝑚 according to the number of components of GMM, 1 

K and the class 𝜈(𝑙𝑚) of queries 𝑙𝑚.a  2 

K=1 

ℙ(𝝂(𝒍𝒎) = 𝒊) 𝐅𝒎b Class of representative distributions  (𝑖) 
ESR VDR COX-2 CTSD 

Cl
as

s 
 𝜈( 𝑙 𝑚)  

of
 

qu
er

ie
s 
𝑙 𝑚  ESR 0.4623 0.2172 0.0082 0.3123 0.9272 

VDR 0.1116 0.5101 0.0054 0.3729 1.0205 

COX-2 0.0882 0.3216 0.2046 0.3856 0.5071 

CTSD 0.0051 0.0489 0.0057 0.9404 3.9718 

K=3 

ℙ(𝝂(𝒍𝒎) = 𝒊) 𝐅𝒎b
 Class of representative distributions (𝑖) 

ESR VDR COX-2 CTSD 

Cl
as

s 
 𝜈( 𝑙 𝑚)  

of
 q

ue
rie

s 

𝑙 𝑚  

ESR 0.3289 0.2616 0.0725 0.3370 
0.7001 

 

VDR 0.1653 0.5199 0.0517 0.2631 1.0406 

COX-2 0.1024 0.4922 0.1534 0.2520 0.4257 

CTSD 0.1348 0.0741 0.0128 0.7783 1.8738 

K=7 

ℙ(𝝂(𝒍𝒎) = 𝒊) 𝐅𝒎b
 Class of representative distributions (𝑖) 

ESR VDR COX-2 CTSD 

Cl
as

s  𝜈( 𝑙 𝑚)  of
 

qu
er

i

es
 𝑙 𝑚 ESR 0.3669 0.2553 0.0713 0.3065 0.7613 

VDR 0.2164 0.5005 0.0476 0.2356 1.0009 



aThis table represents the feasibility of discrimination depending on the number of components in GMM, 1 

K and the class ν(l_m ) of queries l_m. bThe larger F𝑚 , the better performance of discrimination 2 

between one class and others. Estrogen receptor alpha = ESR, Vitamin D receptor = VDR, 3 

Cyclooxygenase-2 = COX-2, Cathepsin D =CTSD. 4 

 5 

Table 4. The comparison between representative queries and unprecedented drug, BNDS-A as a query 6 

CLASS QUERY 
SELECTION 

TYPE 

MAX. OF K-L DIVERGENCE 

ESR VDR COX2 CTSD 

ESR 

CHEMBL 

499809 
Mean of Q 0.0363 0.1991 0.1611 0.2772 

CHEMBL 

2 
(Mean +2SD) of Q 0.1180 0.1001 0.1547 0.0883 

CHEMBL 

558943 
(Mean -2SD) of Q 2.7919 5.2859 2.9632 2.0501 

CHEMBL 
604989 

Biggest gap of 

K-L Divergence 
6.2458 10.9899 6.1578 5.4983 

CHEMBL 

292033 

Highest 

Similarity with 
SNDS-A 

0.0298 0.2570 0.2096 0.1082 

BNDS-A Unknown 0.2116 0.0588 0.1139 0.9704 

VDR 

CHEMBL 

7463 
Mean of Q 0.0237 0.0442 0.1446 0.1262 

CHEMBL 

603 
(Mean +2SD) of Q 0.0999 0.2738 0.1257 0.0655 

CHEMBL 

1116 
(Mean -2SD) of Q 1.2883 2.1898 1.6169 0.4702 

CHEMBL 
486541 

Biggest gap of 

K-L Divergence 
4.2675 7.2936 3.9890 3.3430 

CHEMBL 

62136 

Highest 

Similarity with 
SNDS-A 

0.2090 0.1854 0.4785 0.1086 

COX-2 0.1387 0.4891 0.1477 0.2245 0.4164 

CTSD 0.1437 0.0705 0.0084 0.7775 1.8691 



BNDS-A Unknown 0.2859 0.0864 0.1888 1.0807 

COX2 

CHEMBL 

1201356 
Mean of Q 0.0963 0.1054 0.2187 0.0948 

CHEMBL 

16516 
(Mean +2SD) of Q 0.1445 0.1172 0.0385 0.1205 

CHEMBL 

1171450 
(Mean -2SD) of Q 3.2143 5.5460 3.1399 2.4262 

CHEMBL 

1171454 

Biggest gap of 

K-L Divergence 
4.4382 7.8994 4.1848 4.1940 

CHEMBL 

942 

Highest 

Similarity with 
SNDS-A 

0.1285 0.0546 0.09018 0.06225 

BNDS-A Unknown 0.6987 0.65378 0.2273 2.0276 

CTSD 

CHEMBL 

263810 
Mean of Q 0.0850 0.0113 0.2512 0.1038 

CHEMBL 

504438 
(Mean +2SD) of Q 0.6941 1.1751 1.1002 0.3305 

CHEMBL 

567893 
(Mean -2SD) of Q 3.5366 6.1606 3.5399 2.0713 

CHEMBL 

567893 

Biggest gap of 

K-L Divergence 
3.5684 6.1606 3.5399 2.0713 

CHEMBL 

387576 

Highest 

Similarity with 
SNDS-A 

0.0835 0.1467 0.0952 0.0129 

BNDS-A Unknown 0.0556 0.26421 0.2092 0.087 
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