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Abstract 

Onchocerciasis (also known as river blindness) is a neglected tropical disease caused by the 

Onchocerca volvulus parasitic nematode. Currently, the only approved drug for treating this 

disease is ivermectin, which is a broad-spectrum antiparasitic agent. However, signs of resistance 

towards ivermectin have started to emerge. New therapeutic agents are thus urgently needed. The 

OvCHT1 chitinase enzyme from O. volvulus has been established as a relevant biological target 

for combatting river blindness. The veterinary anthelmintic drug closantel has been found to be a 

potent, micro-molar OvCHT1 inhibitor. Herein, we investigated the chemical space of closantel 

and all its synthesized analogues, focusing on the analysis of their potential binding modes towards 

OvCHT1. First, we conducted an unsupervised hierarchical clustering to group highly similar 

analogues and explore structure-activity relationships. Second, we conducted a structure-based 

molecular docking to predict and study the binding modes of all 57 closantel analogues in the 

active site of OvCHT1. Third, we screened more than 4 million lead-like compounds from the 

ZINC library to identify other structurally similar ligands that could potentially bind to OvCHT1. 

The cheminformatics analysis of the closantel analogues illustrated how minor structural changes 

in closantel analogues can impact their OvCHT1 activity.  

 

Keywords: drug design, structure-activity relationships, molecular modeling, neglected disease, 

docking. 
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1. Introduction 

Onchocerciasis, often referred as River Blindness (RB), is an eye and skin disease affecting 

more than 37 million people worldwide (mainly Africa and South America).[1] The parasitic 

nematode Onchocerca volvulus worm has been found to cause the disease to humans via bites of 

a blackfly.[1,2] Those worms evolve inside the human body and migrate to the skin and eye regions, 

causing severe itching and various lesions. Chronic exposure typically result in permanent 

blindness and/or harmful skin diseases. Recent international efforts are now aiming at the 

elimination of onchocerciasis by 2030 in Africa.[3–5] 

Ivermectin[2,6–8] is the only approved drug to treat RB and has been used for the past twenty 

years for millions of infected individuals[1], including US soldiers and NGO workers. However, 

the Onchocerca volvulus worms have begun to develop resistance against ivermectin. The latter 

compound is indeed stimulating genetic changes in the parasite, resulting in irresponsiveness of 

the drug for a growing compendium of RB patients[9,10]. In a study by Mottier and Prichard[11], 

more variations within a tubulin gene was observed in RB patients exposed to repeated doses of 

ivermectin as compared to the parasites obtained from the same patients before exposure to 

ivermectin. Moreover, it has been shown that more exposure to ivermectin correlated to higher 

alteration of the parasite’s genetic make-up, which led to further resistance against the drug[12]. 

Thus, it is now imperative to search for new drugs capable of combatting RB, before the parasite 

develops a complete and irreversible resistance. In 2018, the US Food and Drug Administration 

approved another macrocyclic lactone, moxidectin, in order to combat RB. Initially developed for 

animal use to fight parasites, this compound is structurally similar to ivermectin but have shown 

very promising results with RB patients compared to ivermectin.[13]   
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Vital biosynthesis and degradation processes of Onchocerca Volvulus worm are regulated 

by the chitin synthase and chitinase enzymes. Although the exact role of chitinase in the 

development of the worm is unclear, this enzyme is sought to play a crucial biological function. 

Additionally, due to the absence of chitinase in humans, this enzyme potentially represents a viable 

therapeutic opportunity for treating RB via the blockade of this unique new pathway. The chitinase 

from O. volvulus (OvCHT1) has been characterized and shown to belong to the glycoside 

hydrolase family 18, which is involved in a substrate-assisted hydrolysis mechanism[14–16]. 

OvCHT1 was found to be expressed in the infective L3 larvae with a potential involvement in host 

transmission, molting, and the developmental processes. The Janda’s research group at Scripps 

identified the small molecule closantel (Figure 1A) as a potent, micro-molar and specific inhibitor 

of OvCHT1[17]. Until then, closantel had been known as a veterinary anthelmintic drug for the 

treatment of sheep and cattle infected with liver fluke[18,19]. When tested in vitro against OvCHT1, 

closantel afforded a very promising IC50 value of 1.6 µM (pIC50 = 5.80) and high specificity for 

filarial chitinases. Additionally, closantel was found to completely inhibit the molting of the L3 

larvae[17]. As a result, multiple experimental screening efforts were conducted by Janda and co-

workers to synthesize and test more than 50 closantel analogues. The latter compounds were 

characterized by experimental pIC50 ranging from 3.7 to 6.4 (see refs[17,20–22]). 

In this cheminformatics study, we aimed at (1) characterizing the chemical space of all 

tested closantel analogues and cluster them based on their structural similarity to identify structure-

activity relationships, (2) using 3D molecular docking to compute the binding mode of each 

analogue in the active site of OvCHT1 and study the key molecular interactions formed by 

closantel analogues with OvCHT1 residues, and (3) virtually screening the ZINC database to 

identify analogues predicted to have enhanced OvCHT1 inhibition potencies.  
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2. Materials and Methods 

2.1.  Compilation and pre-processing of the dataset 

In total, 57 closantel analogues were compiled from the recent publications[17,20–22] of the 

Janda’s research group at the Scripps Institute. The structures of these compounds were prepared 

according to the standard curation protocols developed earlier[23–25]. All experimental IC50 values 

were converted into pIC50 (e.g., pIC50 = 9 for a nanomolar inhibitor). Closantel analogues were 

pre-processed using the LigPrep program[26] from the Schrodinger suite. This process generated 

multiple entries for each compound, depending on the possible protonation states at a specific pH 

range (7 ± 2), tautomers, and ring conformations (1 ring conformer per compound). Then, all the 

compounds were minimized using the OPLS3 force field to obtain reasonable 3D conformations 

for each analogue. 

 

2.2.  Structural characterization using molecular descriptors 

After structural standardization[24,25], we computed 117 two-dimensional RDKIT 

descriptors using Knime[27] to characterize the constitutional and structural properties of the 

closantel analogues. A distribution analysis using R (v3.3.1) was performed for the hydrophobicity 

(SlogP), molecular weight (MW), number of hydrogen bond acceptors (NumHBA), and number 

of hydrogen bond donors (NumHBD).  

 

2.3. Cluster analysis and identification of activity cliffs 

A circular dendrogram was created using the ggtree package[28] in R (v3.3.1). The 

clustering was conducted with a curated set of 66 RDKit descriptors after all correlated, low 
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variance, constant, and near-constant descriptors were removed. The dendrogram was created 

according to the Euclidean distance between molecules and the Ward linkage[29] between clusters. 

Each dendrogram node was then colored according to the experimental pIC50 value of the 

corresponding compound. 

 

 

2.4.  Homology modeling and protein preparation 

As there was no X-ray structure of OvCHT1 in the Protein Data Bank[30] at the time of this 

study, we built a homology model of this target using Prime[31] from the Schrodinger Suite (v2016-

3). Our previous case studies using 3D docking with homology models of proteins showed that 

reasonable docking poses can be obtained.[32,33] OvCHT1 sequence was collected from the 

Universal Protein Resource[34] (Uniprot code Q25615). The homology model was created based 

upon a single protein template (PDB code 1WAW - CHIT1 chitinase 1) that shared 37% sequence 

identity with OvCHT1 (Figure 4A). The homology model was created using Prime’s energy-based 

procedure and all loops were minimized using the VSGB solvation model and the OPLS3 force 

field. Then, the protein structure was further pre-processed using the Protein Preparation Wizard[35] 

from Schrodinger Maestro suite (v2016-3). Molecules of water beyond 5.00Å from any hetero 

groups were removed. Explicit hydrogen atom addition and H-bond assignments were conducted 

at pH=7 using PROPKA. Finally, the homology model was minimized using restrained 

minimization with the OPLS3 force field. The corresponding curated PDB file is available in the 

Supplementary Material.  

 

2.5. Structure-based molecular docking using Glide 
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A grid box for molecular docking was created using the Schrodinger Suite with the center 

of grid coordinates equal to x=1.45, y=3.45 and z=19.33. The size of the grid was set up to accept 

and dock ligands with a length lower than 30Å. Glide docking was performed using the SP scoring 

function (standard precision mode) to generate multiple poses per compound. Then, all the SP 

poses were re-docked using the Glide XP scoring function (extra precision mode). At last, all the 

results were analyzed according to the XP scoring data. 

 

2.6. Virtual screening of the ZINC library  

Over 4,333,000 lead-like compounds from the ZINC database were screened to identify 

structurally-similar chemical structures that could potentially inhibit OvCHT1. Our protocol was 

divided in four different steps: First, we conducted a similarity search based upon the structural 

features of the Top-5 most potent closantel analogues that also obtained the best XP docking 

scores. To do so, we calculated the MACCS fingerprint[36] of all the ZINC lead-like compounds 

using the CDK fingerprint node in the KNIME platform[37]. Then, only the compounds presenting 

a Tanimoto structural similarity higher than 80% with the Top-5 selected closantel analogues were 

kept. These selected compounds were then pre-processed using LigPrep[26] from the Schrodinger 

suite (same protocol than for the closantel analogues). The prepared compounds were then docked 

in the OvCHT1 binding site using both SP and XP scoring functions[38,39]. Only the compounds 

that presented a XP docking score below -6 kcal/mol and an eModel score below -40 kcal/mol 

were kept for further investigation. 
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3. Results & Discussion  

3.1. Characterization of the chemical space of closantel analogues 

After chemical curation, we obtained a set of 57 unique closantel analogues. This set 

presented a relatively broad range of experimental activity from IC50 = 0.34 µM up to 200 µM 

(Figure 1B) with the activity of closantel itself being 1.6 µM (pIC50 = 5.80) (Figure 1A). The 

most active compound (24918716_3m) is characterized by a pIC50 equal to 6.4 (IC50 = 0.34 µM) 

(Figure 2A). The five most active compounds are represented in Figure 2. Three compounds out 

of the five most active inhibitors (Figure 2A-C) contain the 2‐hydroxy‐3,5‐diiodo‐N‐

phenylbenzamide substructure. Interestingly, the two other top active compounds (Figure 2D-E) 

present a different scaffold (tri-substituted triazole) while still affording a similar activity at pIC50 

~ 6.4.  

To further characterize the chemical space of the 57 closantel analogues, 117 two-

dimensional RDKIT structural descriptors were calculated. In particular, we analyzed the 

distributions of four molecular properties: the hydrophobicity (SlogP), the molecular weight 

(MW), the number of Hydrogen-Bond Acceptors (NumHBA) and Donors (NumHBD). Closantel 

analogues presented an average hydrophobicity (meanSlogP) equal to 5.04  1.44, an average 

molecular weight (meanMW) equal to 439 g/mol  140.93, an average number of H-bond donors 

(meanNumHBD) equal to 1.54  0.73 and an average number of H-bond acceptors (meanNumHBD) 

equal to 2.57  1.31. Interestingly, according to the distribution of these physico-chemical 

properties, we found a positive correlation between the potency of the closantel analogues with 

their molecular weight and the hydrophobicity. This result is illustrated in Figure 1C-D, especially 

with the distributions of MW and SlogP colored by pIC50 activity class (low: pIC50< 5, 

intermediate: 5<pIC50<6 and high: pIC50>6). However, NumHBA and NumHBD did not appear 
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to discriminate the analogues with the highest pIC50 values (Figure 1E-F). Noticeably, many 

closantel analogues have properties fulfilling the Lipinski’s rule of five[40] with 38% of the dataset 

passing the rules with zero violations, 66% with one violation and 100% with two violations 

(Figure 1C-F). This result is not surprising as those analogs are very similar to the orally 

bioavailable drug closantel. 

 

 

 

 

 

Figure 1: Structure and activity for closantel (A), Distribution of closantel analogues according 

to their pIC50 (B), Molecular Weight (C), SlogP (D), Number of Hydrogen Bond Acceptor (E), and 

Number of Hydrogen Bond Acceptor (F). Bins for each histogram are colored according to their 

pIC50, red if pIC50 below 5, orange if pIC50 between 5 and 6, and green if pIC50 higher than 6 (most 

active compounds). 
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Figure 2: Structure and inhibition potency of the five most active closantel analogues.  

 

 

 

3.2. Hierarchical clustering of OvCHT1 inhibitors 

Then, we conducted an unsupervised hierarchical clustering to group structurally similar 

analogues using Euclidean distance, Ward Linkage[29], and a downsized set of 66 RDKIT 

descriptors (all correlated, low variance, constant, and near-constant descriptors were removed). 

The resulting circular dendrogram is provided in Figure 3. Each dendrogram node was colored 

according to the experimental pIC50 value afforded by its corresponding analogue. This procedure 

allowed us to identify all the groups of analogues having similar potencies towards OvCHT1. For 

instance, cluster1 (Figure 3) involved four compounds (20142509_8, 20142509_5, 20142509_4, 

and 20142509_3), all characterized by low potencies (pIC50 = 3.70 - 4.17). The dendrogram also 

revealed cluster2 containing three compounds (10.1039_27, 10.1039_25 and 10.1039_26) with 

excellent pIC50 values (pIC50 = 6.28 - 6.39). These three compounds have the same scaffolding 

with different substituents at their triazole ring. The two compounds 10.1039_27 and 10.1039_26 

are constitutional isomers as the benzyl substituent has been swapped between positions 1 and 2 

of the triazole. However, the third compound (10.1039_25) presents a methyl-cyclohexyl 
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substituent at position 2 of the triazole ring. The cluster3 presents an activity cliff[41,42] (i.e., pair 

of highly similar compounds with significantly different activity values). Here, the two compounds 

(20142509_6 and 21534605_3b) differ by the presence/absence of a chlorine and the ortho/para 

position of a methyl group but present a one-fold activity difference (pIC50 = 4.48 versus 5.76 

respectively). Interestingly, these two compounds came from two different studies[17,20]. This 

cluster analysis shows that useful structure-activity relationships can be extracted from such fully 

integrated set of compounds and help us understand what structural changes (even minor) can 

influence the activity toward OvCHT1.  

 
Figure 3: Circular dendrogram obtained from the hierarchical clustering of the set of 57 closantel 

analogs using 66 RDKit descriptors space, Ward linkage, and Euclidian distance. Compound 

nodes & names are colored according to their pIC50. Three examples of cluster based on the 

hierarchical clustering. 
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3.3. Molecular docking of closantel analogues  

  We conducted the structure-based docking of closantel analogues using Glide XP to 

compute and study their predicted binding modes in the active site of the OvCHT1 enzyme. This 

was an essential step in order to better understand the key OvCHT1-inhibitor interactions and 

attempt to validate molecular docking as a predictive technique for reliably discriminating the most 

potent OvCHT1 inhibitors.  

All compounds were docked in the same pocket (Figure 4A). Resulting docking scores 

were ranging between -6.50 and -1.72 kcal/mol, whereas the eModel scores were from -76.11 and 

-15.37 kcal/mol (in both cases, the lower, the better). As represented in Figure 4B, the molecular 

docking procedure was able to discriminate the most active ligands from less active and inactive 

compounds using the combination of the two scores. One should note that, despite the separation 

between experimentally-confirmed active versus less active compounds, the docking scores 

afforded by those analogues were not excellent (higher than -7 kcal/mol, the empirical threshold 

for selecting micromolar inhibitors in a virtual screening campaign). The range of docking scores 

for the Top-5 most active molecules (pIC50 = 6.32 - 6.46, Figure 2) is from -5.07 to -3.04 kcal/mol 

and -74.74 to -40.50 kcal/mol for eModel score. Moreover, these 5 compounds presented different 

binding modes but they shared important interactions with OvCHT1, especially the H-bond with 

Arg270. Compounds 10.1039_26 and 10.1039_27 also shared a π-π stacking with Trp31. 

In particular, we decided to evaluate the binding modes of two active compounds, 

10.1021_3a and 10.1021_2g (pIC50 equal to 6.08 and 6.30, respectively) that afforded the best 

docking scores (-6.50 and -6.16 kcal/mol, respectively). The compound 10.1021_3a (Figure 4C) 

presents a cation- π interaction between its benzene ring and Arg270. The predicted binding mode 

also depicted four hydrogen bonds, one donor between the side chain of Tyr148 and the oxygen 
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from the amide group, two hydrogen bond donors between the oxygen on the cycloheptane and 

Ala187 and Gly188 backbones. And a hydrogen bond acceptor between the ligand’s amide group 

and the side chain of Asp214. The second selected closantel analogue (10.1021_2g) also presented 

a π- π interaction with Trp361 (like 10.1039_26 and 10.1039_27). Another hydrogen bond was 

predicted to be formed with Trp31 (Figure 4D). A cation- π interaction with the benzene group in 

10.1021_2g and the sidechain of Arg35 was also found. Finally, the predicted pose from 

10.1021_2g presented a π- π interaction with Phe365.  

 

Figure 4: (A) The predicted 3D structure of OvCHT1 according to our homology model, (B) 

scatter plot of XP docking score vs eModel score for the closantel analogs, the 2D ligand 

interaction of compounds (C) 10.1021_3a (pIC50 =6.07) and (D) 10.1021_2g (pIC50 =6.30)  
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Interestingly, these two compounds presented two different binding modes, likely due to 

the large binding pocket of OVCHT1. The two ligands do share a common area of the pocket but 

also interact with two different aside parts of the pocket as seen in Figure 5. This result could 

enable the rational design of new analogues better occupying the different parts of the OVCHT1 

binding pocket.  

 

 
 

Figure 5: Superimposition of the docking poses for 10.1021_3a (pIC50 = 6.07, red) and 

10.1021_2g (pIC50 = 6.30, green). 

 

 
 

3.4. ZINC virtual screening 

At last, we performed a virtual screening (Figure 6) of the lead-like subset of the ZINC 

library (>4 million unique compounds). The first step of our protocol was to select only the analogs 

of the five most active closantel analogues (compounds with a Tanimoto distance higher than 0.8 

using MACCS fingerprints). After the first selection, 3,283 similar compounds were prepared with 

Ligprep and were docked inside the binding site of OvCHT1. The virtual screening was first 

performed using the Glide SP scoring function and then re-docked using the XP extra-precision 
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scoring function from Glide. Then only compounds presenting a XP docking below -6 kcal/mol 

and an eModel score below -40 kcal/mol were kept, representing 121 selected compounds.  

 

 

Figure 6: General scheme representing our protocol used for ZINC virtual screening.  

 

Interestingly, two ZINC compounds (ZINC43271075 and ZINC62272215) afforded a 

better docking score than any of the closantel analogs. The predicted binding poses of these two 

compounds are represented in Figure 7. The first compound (ZINC43271075) afforded a docking 

score equal to -7.39 kcal/mol and eModel score equal to -56.11 kcal/mol. The predicted binding 

mode of ZINC43271075 presented a π- π interaction with Trp361, a hydrogen bond between an 

oxygen and the Trp31 and one cation- π stacking with Arg35 (Figure 7A/C). These three 

interactions were already predicted in the binding mode of 10.1021_3a (Figure 4C). Moreover, 
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ZINC43271075 presented two other interactions with OvCHT1, two hydrogen bonds: one between 

the Glu147 and a nitrogen and one between the Tyr 106 and an oxygen. The second highlighted 

compound (ZINC62272215) was predicted with a less favorable docking score (-6.67 kcal/mol, 

eModel score equal to -49.02 kcal/mol) but still better than any of the scores obtained by the 57 

closantel analogues. ZINC62272215 was predicted to interact with the same amino acid with a π- 

π interaction with Trp361 and a salt bridge with Glu147 (in Figure 7B/D). These two compounds 

present new interactions (especially with Glu147 and Tyr106) that could open a new way of 

inhibiting OvCHT1 and help us designing new inhibitors.  
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Figure 7: Predicted binding mode of (A) ZINC43271075 and (B) ZINC62272215 with the 

interacting amino acid highlighted. 2D interaction plot of the (C) ZINC43271075 and (D) 

ZINC62272215, (E) superposition of the ZINC43271075 in green and 10.1021_2g binding pose 

in pink, (F) superposition of the ZINC62272215 in green and 10.1021_2g binding pose in pink. 

 

 

4. Conclusions 

This analysis revealed that molecular docking could help differentiating the most active 

OvCHT1 inhibitors from the less active and inactive ligands. Subsequent experimental screening 



18 
 

must be accomplished to validate the hits we identified from the ZINC library, notably 

ZINC43271075 and ZINC62272215. The analysis of the binding site revealed several regions for 

which no closantel analogue has been predicted to interact with. Closer collaborations between 

experimentalist and computational chemists could thus help to design new bioactive OvCHT1 

inhibitors of high interest for combatting river blindness.   

 

Supporting Information 

The curated homology model (PDB) as well as all chemical structures (modeling set and ZINC 

hits) are available for free in the Supporting Material.  
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