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A B S T R A C T   

The mortalities and morbidities of leishmaniasis are high and the disease is under reported globally. The absence of 
vaccines coupled with chemotherapeutic challenges including chemoresistance, scarcity and toxicity have made the 
fight against leishmaniasis an arduous one. Furthermore, the treatment options currently available for leishmaniasis 
are long and sometimes require hospitalization. There is therefore the need to explore novel pathways to identify new 
compounds with alternative mechanisms of action. A pharmacophore-based screening was employed in identifying 
new potential inhibitors with unique scaffolds targeting Leishmania donovani sterol methyltransferase (LdSMT), a key 
enzyme for ergosterol biosynthesis. To accomplish this, 22,26-azasterol, a known inhibitor of this target and five 
other derivatives with IC50 less than 10 μM were used to generate a robust 3D pharmacophore model via LigandScout 
with a score of 0.9144. The validated model was used as a query to screen a library of 69034 natural products 
obtained from the InterBioScreen Limited. Compounds with pharmacophore fit scores above 50 were docked against 
the modelled structure of LdSMT. Altogether, ten molecules with binding energies between − 7 and − 11 kcal/mol 
were identified as potential bioactive molecules. The molecular dynamics simulation and molecular mechanics 
Poisson–Boltzmann surface area (MM-PBSA) calculations reinforced the results from the docking studies suggesting 
the selected hits bind effectively at the active sites of the target protein. The compounds were observed to bind in the 
S-adenosine-L-homocysteine binding pocket of the modelled LdSMT with Trp208 and Val330 predicted as key res
idues critical for ligand binding. Prediction of biological activity with probability of activity (Pa) greater than 
probability of inactivity (Pi) revealed that seven compounds (STOCKIN-54848, STOCKIN-89115, STOCKIN-68720, 
STOCKIN-44724, STOCKIN-76694, STOCKIN-47277 and STOCKIN-95708) possessed antileishmanial properties. 
STOCKIN-89115, STOCKIN-68720, STOCKIN-44724, and STOCKIN-47277 were predicted to be membrane perme
ability inhibitors, while all ten hit compounds possessed antineoplastic activity. The compounds have the propensity 
of disrupting ergosterol biosynthesis leading to the suppression of growth in Leishmania donovani. The compounds 
were predicted to have good absorption, distribution, metabolism, excretion and toxicity profiles, hence their po
tential antileishmanial activity can be exploited upon experimental corroboration.  
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1. Introduction 

Leishmaniasis, caused by over twenty Leishmania species and trans
mitted by more than eighty sandfly species, is second to malaria in terms 
of mortalities among all the neglected tropical diseases (NTDs) [1]. 
Visceral leishmaniasis (VL) caused mainly by L. donovani and L. infantum 
is the most fatal among the three forms of leishmaniasis and is mostly 
characterized by irregular bouts of fever, weight loss, enlargement of the 
liver, and anemia [1,2]. Even more disturbing is the presence of macu
lar, maculopapular, and nodular rash in patients who have undergone 
successful leishmaniasis treatment [3]. Most of the recovered patients 
suffer from inferiority complex due to the complications hence struggle 
to integrate into society because of the ugly scars [4]. 

VL is endemic in poverty-stricken parts of the world and an estimated 
50,000 to 90,000 new cases occur worldwide annually [5]. Most of the 
cases are recorded in Brazil, Ethiopia, Eritrea, India, Iraq, Kenya, Nepal, 
Somalia, South Sudan and Sudan [6,7]. Socioeconomic conditions, 
malnutrition, population mobility, environmental and climate change 
are the major risk factors associated with this disease [8]. Leishmania 
parasites are transmitted through the bites of infected female phlebot
omine sandflies, which feed on blood to produce eggs [9]. The epide
miology of VL is complex and depends on parasite characteristics and 
sandfly species. Local ecological characteristics of the transmission sites, 
current and past exposure of the human population and behaviors have 
contributed to the challenges associated with VL treatments. Moreover, 
lack of comprehensive understanding of the ergosterol, the main sterol 
biosynthesized in Leishmania parasites and their essentiality for the 
parasite’s survival have also made the treatment of VL a challenging 
one. 

Sterol methyltransferase (SMT), a potential target for the treatment 
of leishmaniasis, catalyzes the transfer of a methyl group from S-aden
osine-methionine to the C24 position of the sterol side chain during 
ergosterol biosynthesis (Fig. 1) [7]. This target has provided the focus 
for study of electrophilic alkylations, a reaction type of functional 
importance that results in the formation of C–C bond in natural products 
[10]. Inhibitors of SMT have shown antiproliferative effects against 
pathogenic fungi [11,12], Trypanosoma cruzi [13] and T. brucei [14,15]. 
Moreover, 22,26-azasterol, a known SMT inhibitor induces drastic 
changes in the sterol profile of L. donovani and L. amazonensis charac
terized by the loss of ergostane-based sterols and their replacements by 
24-desalkyl sterols, along with significant growth reduction and subse
quently elimination of the parasite [11]. In addition, SMT inhibitors also 
cause profound structural changes in the plasma membrane, mito
chondrial membrane, and endoplasmic reticulum of L. amazonensis 
[16–18]. The effects of SMT inhibition on parasite’s survival coupled 
with the absence of SMT orthologues in humans makes SMT a potential 
target for exploitation therapeutically for drug design against Leishmania 
parasites. 

There are currently no vaccines for combating VL and all other forms 
of leishmaniasis as the current drugs used to treat the disease including 
pentavalent antimony, pentamidine (PTM), amphotericin B (Amp B), 
miltefosine (Milt), paromomycin and liposomal Amp B are plagued with 
numerous challenges such as long treatment durations, cytotoxicity, 
resistance, and high cost [19,20]. Synergistic resistance has also been 
observed in partner drugs used in combinational chemotherapies. As a 
result there is the need to find new chemotypes by exploring novel 
pathways to identify new compounds with alternative mechanisms of 
action from the existing drugs [7]. In our earlier study, we employed de 
novo design to predict inhibitors against SMT [21]. 
Pharmacophore-based drug design is an alternative to de novo design. 
This approach though cheaper, has however been employed in rational 
drug design to overcome most of the challenges associated with drug 
inefficiencies and resistance [22]. In addition, pharmacophore-based 
drug design explores diversity thus increases the chance of attaining 
leads and promotes specificity [23,24] in the design of potent inhibitors 
against plausible targets. Pharmacophore, an ensemble of steric and 
electronic features in a molecule recognizable at a protein’s binding site 
and responsible for a molecule’s biological activity [22], has been 
employed in recent strategies for the design of drugs for treatment of 
cancer (gefitinib), inflammatory diseases (morazone), microbial in
fections (finafloxacin) and psychotic diseases (phendimetrazine) [25]. 
Interestingly, most of the pharmacophore-based drugs exhibit multi
modality properties which gives an added advantage and hence helps to 
overcome the parasite’s resistance [26]. Though yet to be fully explored 
for the design of drugs for leishmaniasis treatment, irosustat, avasimibe, 
topiramate and RWJ-37497 used for cancer treatments targeting two or 
more biological targets, were designed based on the core aryl O-sulfa
mate pharmacophore [26]. Similarly, linezolid, timolol, merazone and 
phendimetrazine used as antibiotic, antihypertensive, 
anti-inflammatory and antipsychotic drugs, respectively were all 
designed with the morpholine pharmacophore [25]. 

Natural products from various sources have been explored for the 
treatments of numerous debilitating diseases affecting humans [27]. Till 
date, nature has been one of the main sources of drugs and between 
1981 and 2014, about 50% of all US FDA drugs have had their source 
from molecules isolated from natural sources [28]. This notwith
standing, their synthetic accessibility has hampered their use in some 
instances, but their structural diversity and low toxicity compared to 
their synthetic counterparts have made them the most preferred choice 
in the search for new drugs [27]. Exploring key pharmacophores from 
natural product isolates could provide a possible means of finding 
suitable druggable candidates for leishmaniasis treatment. 

Since the essentiality of SMT to Leishmania parasites is no more in 
doubt and it is suggested as a plausible target, herein, we present the 
application of ligand-based pharmacophore screening and molecular 
docking to identify potential inhibitors from natural products with 

Fig. 1. 24-SMT catalyzes the formation of ergosterol from zymosterol.  
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unique scaffolds possessing the possibility of ameliorating the activity of 
LdSMT. The study also seeks to predict the mechanism of binding and 
biological activity of the proposed compounds. 

2. Materials and methods 

The scheme (Fig. 2) describes the detailed procedure adopted in the 
prediction of potential inhibitors from natural products targeting 
LdSMT. Six ligands including 22,26-azasterol with IC50 less than 10 μM 
were used to generate a pharmacophore model using the merged feature 
on LigandScout version 4.3 [29]. The pharmacophore model was used to 
screen a library of natural products from InterBioScreen Limited and 
ligands with pharmacophore fit scores greater than 50 were subjected to 
molecular docking studies using a modelled LdSMT structure as the 
target protein [21]. The potential lead compounds were further evalu
ated for their physicochemical, pharmacological and toxicity profiles, 
biological activity predictions and molecular dynamics (MD) 
computations. 

2.1. Protein structure preparation 

The modelled 3D structure of LdSMT using Modeller version 10.2 
[30] in our previous study [21] was used for this study. The preparation 
of the protein structure has been previously described [21] and pre
sented here. The 3D LdSMT structure was energy minimized using the 
Optimized Potentials for Liquid Simulations (OPLS)/All Atom (AA) force 
filed in GROMACS 2018 [31,32]. Biovia Discovery Studio Visualizer 
v19.1.0.18287 [33] was used to visualize the energy minimized struc
ture as well as remove water molecules solvating the protein. The 
structure was then saved in Protein Data Bank (pdb) format using the 
Biovia Discovery Studio Visualizer v19.1.0.18287 [33]. The structure 
was then converted to AutoDock Vina’s [34] compatible “Protein Data 
Bank, Partial Charge (Q), & Atom Type (T) (pdbqt)” format for molec
ular docking. 

2.2. Prediction of binding sites 

The probable volume and area of the binding site of the modelled 
protein was determined using the Computed Atlas of Surface Topog
raphy of proteins (CASTp) [35], and was described previously [21] and 
described here. Amino acid residues present in the binding sites were 
also identified and visualized using Biovia Discovery Studio Visualizer 
v19.1.0.18287 [33]. 

2.3. Compound selection for pharmacophore generation 

A search through literature identified 22,26-azasterol and its de
rivatives, imipramine and azetimibe (Table 1) as inhibitors of SMT [17, 
53,54]. ChemDraw Ultra 12.0 [36] was used to generate the 2D of the 
chemical structures and Chem3D Pro 12.0 [36] was utilized to generate 
energy minimized 3D structures. The compound 22,26-azasterol, a 
known inhibitor of the target protein was specifically docked to the 
model protein to determine binding mechanisms and consistency within 
the active site. 

2.4. Ligand-based pharmacophore virtual screening 

LigandScout version 4.3 [29] was used to generate the pharmaco
phore model needed for the ligand-based pharmacophore virtual 
screening. The 3D structures of the SMT inhibitors with IC50 less than 10 
μM were uploaded onto LigandScout’s Ligand-Based Modeling 
Perspective v4.3 [29] using their Structure Data File (SDF) formats. The 
default settings of OMEGA best in LigandScout version 4.3 [29] was used 
in the generation of ligand conformations with 200 conformations being 
the maximum limit set per molecule. 

2.5. Library retrieval and preparation for pharmacophore-based screening 

A natural product chemical library from InterBioScreen comprised of 
69034 compounds was retrieved [37]. The chemical entities were used 
for the pharmacophore-based virtual screening. 

2.6. Pharmacophore-based virtual screening of the libraries 

In all, 69034 chemical entities were used for the pharmacophore 
screening using LigandScout v.4.3 [29] by first converting from “sdf” to 
“lbd” before screening against a validated pharmacophore model. 

2.7. Validation of both pharmacophore model and AutoDock Vina 

Both the pharmacophore model and docking protocol were validated 
before the virtual screening. 

2.7.1. Validation of pharmacophore model 
Validation of the pharmacophore model in LigandScout v.4.3 [29] 

was done using the receiver operating characteristic (ROC) curve and 
the Enrichment Factor (EF). This was undertaken to ascertain the ability 
of the pharmacophore model to distinguish between actives and decoys. 
To do this, the six inhibitors with IC50 < 10 μM (Table 1) against SMT 

Fig. 2. The workflow employed in predicting potential antileishmanial compounds targeting LdSMT. The scheme provides a pharmacophore-based design coupled 
with molecular docking and dynamics simulations to identify natural product chemotypes with potential leishmanicidal properties. 
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and their decoys were used to generate both the ROC curve and EF. The 
ROC curve is quantified by the calculation of area under the curve (AUC) 
with values ranging from 0 to 1 and the EF measures the ratio of actives 
in the top hits of a virtual screen to that expected by random selection, 
expressed as a percentage [38]. 

2.7.2. Validation of AutoDock Vina 
The six known inhibitors of SMT comprising 22,26-azasterol and its 

derivatives (Table 1) served as actives for SMT. The SMILES of the six 
compounds served as inputs for the generation of 50 decoys each via 
Directory of Useful Decoys (DUD-E) [39]. The 306 compounds 
comprising 6 actives and 300 decoys were docked to the catalytic 
domain of the LdSMT. EasyROC version 1.3.3 [40] was used to compute 
the AUC from the ROC curve employing the respective binding energies 
of the ligands. The calculated AUC was used to validate the ability of 
AutoDock Vina to differentiate actives from decoys. 

2.8. Molecular docking studies of chemical entities with good 
pharmacophore fit scores 

AutoDock Vina [34] interfaced with PyRx v.0.8 [41] was used for the 
virtual screening as described previously [21]. Ligands with good 
pharmacophore fit scores obtained after screening the pharmacophore 
model against the library were imported as spatial data file (sdf) format 
into AutoDock Vina, energy minimized and converted to pdbqt format. 
The energy minimization of ligands employed default settings involving 
universal force field (UFF) and conjugate gradient for optimization al
gorithm for 200 steps. The energy minimized ligands were then docked 
against the energy minimized LdSMT using AutoDock Vina [34]. The 
grid box size was set as previous work [21] to 91.445 × 73.502 ×
78.352 Å3 with the center at (72.200, 58.009, 13.302) Å. Ligands were 
then docked into the binding site of the target protein with exhaus
tiveness set to 8. 

2.9. Characterization of mechanism of binding 

The atomistic details of binding between LdSMT and the ligands were 
determined using the Biovia Discovery Studio Visualizer v19.1.0.18287 
[33] as described previously [21]. 

2.10. ADMET properties and drug-likeness assessment 

The absorption, distribution, metabolism, excretion, and toxicity 
(ADMET) properties of shortlisted compounds were determined using 
SwissADME [42] and OSIRIS Property Explorer in Data Warrior 5.0.0 
[43] for the toxicity effects (mutagenic, tumorigenic, irritant, and 
reproductive). PAINS and synthetic accessibility were further performed 
to eliminate false positive compounds that possess good physicochem
ical properties as well as compounds difficult to synthesize [42]. 

2.11. Prediction of biological activity of selected compounds 

The biological activity of the selected compounds were predicted 
using the prediction of activity spectra for substances (PASS) [44], 
which works based on a training dataset of known substances present in 
its database. The simplified molecular input line entry system (SMILES) 
files of shortlisted molecules were used as inputs. 

2.12. Molecular dynamics simulation and MM-PBSA evaluation of 
LdSMT-Ligand complexes 

The MD simulation and molecular mechanics Poisson–Boltzmann 
surface area (MM-PBSA) were computed as previously described [21] 
using GROMACS 2018 [31,32] and g_mmpbsa [45], respectively. The 
root mean square deviation (RMSD), root mean square fluctuation 
(RMSF), radius of gyration (Rg) and solvent accessible surface area 
(SASA) graphs [46] were plotted using Qtgrace [47], while the 
per-residue energy decomposition graphs were generated using R pro
gramming language [48,49]. 

3. Results and discussion 

The results of the pharmacophore modelling, molecular docking, 
ADMET evaluation, prediction of biological activities of the selected 
molecules, MD simulations and MM-PBSA calculations are presented. 

3.1. Prediction of LdSMT active site residues 

Proteins are important class of biological macromolecules which 
realize their functions by binding to other proteins or small molecules 
[50]. Understanding protein-ligand interactions is therefore, very 
essential for studying the biology of the protein at the molecular level 
and for designing more selective and potent inhibitors against target 

Table 1 
Chemical structures of six known inhibitors of Leishmania parasite sterol meth
yltransferase and their IC50 (μM).  

Compound IC50/μM Reference 

8.90 [14] 

4.80 [14] 

2.50 [14] 

3.85 [14] 

7.70 [14] 

8.90 [14]  
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proteins [50]. To achieve a better understanding, the binding pocket of a 
receptor for ligand binding is very crucial. As such, the volume and area 
of the active site in LdSMT was computed via Computed Atlas of Surface 
Topography of proteins (CASTp) [35]. A binding site volume of 446.632 
Å3 and area of 905.262 Å2 were obtained from previous studies [21] 
with residue positions spanning Gly4, Gly5, Arg6, Glu7, Thr8, Ala30, 
Arg34, Thr51, Met52, Val53, Asn54, Tyr66, Gly67, Asp108, Val109, 
Gly110, Cys111, Gly112, Val113, Gly114, Gly115, Pro116, Ala117, 
Asn132, Gln137, Tyr175, Ala176, Ile177, Glu178, Ala179, Thr180, 
Cys181, His182, Lys186, Cys189, Tyr190, Val193, Phe203, Leu205, 
Tyr206, Gly207, Trp208, Met210, Tyr214, Pro216, Asn217, Asp218, 
Glu219, Tyr220, Arg222, Ile224, Lys225, His226,Arg227, Ile228, 
Glu229, Leu230, Glu236, Lys241, Met247, Phe252, Ile261, Il269, 
Ser271, Ile272, Trp274, Tyr275, Leu278, Glu324, Ser328, Leu329, 
Val330, Val331, Gly332, Gly333 and Leu335 [21]. 

3.2. Pharmacophore generation 

Six of the ligands (Table 1) with IC50 less than 10 μM were used to 
generate the pharmacophore model. Previous studies have used mainly 
two ligands in generating the pharmacophore model [38,46] but to 
achieve a significantly robust pharmacophore model, 48 inhibitors were 
used for generating the model for the design of inhibitors against histone 
deacetylase 2 (HDAC2) [51]. Similarly, to ensure statistical relevance, a 
training set containing 18 diverse compounds with experimental activity 
values (IC50) ranging from 0.5 nM to 5590 nM were employed in the 
development, evaluation and application of 3D quantitative structural 
activity relationship (QSAR) pharmacophore model in the discovery of 
potential human renin inhibitors [52]. In the current study, six com
pounds (22,26-azasterol and its derivatives) with IC50 values less than 
10 μM were used as the training set for the generation of a robust and a 
statistically relevant pharmacophore model. The inherent features of the 
compounds were identified to generate the hypothetical model. 
LigandScout [29] allows the generation of 3D pharmacophore model 
from either the 2D or 3D structural data for any number of ligands 
compared to other programs which restrict the number of ligands to be 

used for the model generation. The merge-feature model setting was 
used in this research instead of the shared-feature because the 
merge-feature selects all the chemical descriptors present on each ligand 
even when the descriptors are not common to most of the ligands in the 
training set [29]. The pharmacophore model generated is scored from 
0 to 1 with scores very close to 1 being the most accurate model to 
distinguish actives from inactives. The generated pharmacophore model 
was predicted to have a score of 0.9144 based on the merged features 
from all six ligands and with the score close to 1, it suggests the model 
can accurately predict actives from the chemical library. The features 
generated from the pharmacophore modeling consisted of three hy
drophobic interactions, one positive ionizable, one hydrogen bond 
acceptor and one hydrogen bond donor (Fig. 3). 

3.3. Validation of pharmacophore model and docking protocol 

The ROC curve was employed to validate the pharmacophore model 
and docking protocol. Six inhibitors of the SMT were used to generate 
300 decoys from Database of Useful Decoys: Enhanced (DUD-E) [39], 
with 50 decoy generated from each ligand. A library comprising six 
actives and the decoys labelled as “actives” and “inactives”, respectively 
in LigandScout were screened using the best generated pharmacophore 
model with score 0.9144. 

3.3.1. Validation of generated pharmacophore model 
A good pharmacophore model should be able to differentiate be

tween actives and inactives (the decoys) from a library of compounds 
[38]. The ROC measures the performance of the pharmacophore model 
to effectively differentiate actives from inactives. AUC is assigned values 
from 0 to 1 with values very close to 1 signifying the model can effec
tively select actives from a library and 0 meaning incorrect classification 
[38]. AUC of 0.5 implies poor classification between actives and in
actives from a chemical library [38]. The AUC was determined as 1.0, 
1.0, 1.0, and 1.0 in the top 1%, 5%, 10% and 100% (Fig. 4) of the 
screened library, respectively. Altogether, the AUC was observed to be 
1.0 implying that the pharmacophore model can efficiently classify 

Fig. 3. The pharmacophore features generated from (a) the six ligands comprising hydrophobic interactions (H), positive ionizable (PI), hydrogen bond acceptor 
(HBA) and hydrogen bond donor (HBD), (b) the pharmacophore model produced from merging the pharmacophore descriptors of all six inhibitors. Red balls showing 
hydrogen bond acceptors (HBA), yellow balls representing hydrophobic interactions (H), green regions showing hydrogen bond donors (HBD) and blue regions 
representing positive ionizable (PI), and (c) represents the superimposition of the sixteen selected hits on the generated pharmacophore model showing the various 
regions they align to the model. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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actives from the chemical library. The enrichment factors (EFs) were 
determined as 52.0, 26.0, 26.0 and 26.0 for 1%, 5%, 10% and 100% 
(Fig. 4), respectively. It supports the efficient classification ability of the 
model. 

3.3.2. Validation of docking protocol 
The ROC curve was also used to validate the docking protocol of 

AutoDock Vina [34] to ensure its ability to discriminate actives from 
inactives. The computed AUC under the ROC curve ranging from 0 to 1 
evaluates the performance of AutoDock Vina in classifying actives from 
decoys. AUCs close to 1 are considered as perfect and below 0.5 as poor 
[55,56]. The 6 inhibitors of SMT and their decoys were screened against 
the LdSMT using AutoDock Vina to generate the ROC curve. The 
computed AUC under the ROC curve was obtained to be 0.9997 (Fig. 5), 
classified as perfect [56,57], and this suggests AutoDock Vina reason
ably differentiates actives from inactive compounds of LdSMT. A recent 
in vitro study corroborates this result as AutoDock Vina was employed 
successfully to screen FDA drugs against LdSMT and simeprevir was 
identified to inhibit LdSMT with an IC50 of 51.49 μM [58]. 

3.3.3. Pharmacophore-based screening of library 
The validated pharmacophore model was used as a 3D query to 

screen the chemical library of 69034 natural product compounds. 
Compounds were matched and filtered based on the pharmacophore fit 
score of 50 and above for further analysis as done previously [38]. 
Compounds with steroidal core or synthetic accessibility more than 6 
were also withdrawn from further studies. Steroidal core compounds 
were removed because they have the potential of causing off-target ef
fects consistent with earlier studies [14,59,60]. In addition, compounds 
with synthetic accessibility greater than 6 are predicted as difficult to 
synthesize [61] and hence were also withdrawn. In all, 66 compounds 
(Supplementary Table 1) had pharmacophore fit scores above 50 and 
hence were selected for downstream studies. The highest and least 
pharmacophore fit scores observed were 60.56 and 51.80 for 
STOCKIN-63567 (Table 2) and STOCKIN-57722, respectively (Supple
mentary Table 1). 

3.4. Molecular docking of hits from pharmacophore screening 

The binding energy associated with the docked protein-ligand com
plex is used to identify potential lead compounds against the target of 
interest [58,62–64]. The 66 compounds (Supplementary Table 1) 

obtained from the pharmacophore screening and the known inhibitors, 
X2 and 22,26-azasterol were docked to the binding site of the LdSMT. 

The binding energies obtained for the LdSMT-22,26-azasterol and 
LdSMT-X2 complexes were − 7.6 and − 7.0 kcal/mol, respectively, 
similar to previous studies [21]. A potential hit compound should have a 
binding energy comparable to or lower than that of known inhibitors. 
Furthermore, the potential hit compound should bind at the active site 
of the target protein. Similar filtration criteria have already been used in 
the in silico identification of potential inhibitors against plausible targets 
[65–67]. The 66 compounds were shortlisted to 10, based on compounds 
whose binding energies were − 7.6 kcal/mol or lower, as well as the 
plausible docking of the ligands at the receptor binding site. Amongst 
the top 10, STOCKIN-54848 had the least binding energy of − 10.1 
kcal/mol, while STOCKIN-86259 and STOCKIN-95708 had the highest 
with both having − 7.6 kcal/mol. This suggests the compounds may be 
good LdSMT binders and may also have the potential of inhibiting 
LdSMT. STOCKIN-63567 with the highest pharmacophore fit score of 
60.56 was eliminated from the downstream analysis since it had a high 
binding energy of − 6.3 kcal/mol indicating a lower binding affinity. 

Fig. 4. The ROC of the selected pharmacophore model. The AUCs are 1.0, 1.0, 1.0, and 1.0 in the top 1%, 5%, 10% and 100%, respectively. The EFs at 1%, 5%, 10% 
and 100% are 52.0, 26.0, 26.0 and 26.0, respectively. The further away of the median (that is, the dotted line) from the curve signifies a good model. 

Fig. 5. ROC generated after screening 6 actives and 300 decoys against LdSMT 
producing an AUC of 0.9997. 
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3.5. Protein-ligand interaction 

The ligand-protein binding site interaction constitutes the basis of 
molecular recognition processes [50,68] and it underpins the discovery, 
design and development of new therapeutic entities [69]. The docking 
study enables the elucidation of small molecules with high specificity 
and affinity for the target. All the compounds were observed to dock at 
the S-adenosine-L-homocysteine (SAH) ligand binding cavity. The ex
amination of all the protein-ligand complexes (Fig. 6, S1a-i, and Table 3) 
revealed the residues Cys181, Trp208, His226, Ile228, Ile272, Tyr275, 
and Val330 as critical for binding, similar to an earlier study [21]. The 
nature of interactions exhibited in all the complexes included pi-anion, 
pi-pi stacking, pi-alkyl, pi-sigma and hydrogen bonding. Out of the 10 
selected hits, STOCKIN-54848 formed four hydrogen bonds with active 
site residues (Fig. 6a) followed by STOCKIN-95708 (Fig. 6b) and 
STOCKIN-89115 (Fig. 6c), both forming three each with critical resi
dues. STOCKIN-68720, STOCKIN-44724, and STOCKIN-47277 are 
structurally similar and analogues of chromenone [46]. While 
STOCKIN-44724 did not form hydrogen bonds with any residue in the 
binding site of the target protein, compounds STOCKIN-68720 and 
STOCKIN-47277 on the other hand formed one hydrogen bond each 
with Glu207 and Val331, respectively (Table 3 and Figs. S1a–c). Hy
drophobic profiling revealed that STOCKIN-89115, STOCKIN-68720 
and STOCKIN-44724 formed hydrophobic interactions with similar 

residues including Trp208, Ile228, Leu297, and Val330. Similarly, 
STOCKIN-89115 and STOCKIN-88290 which are structural derivatives 
of 2-chromenone [46,70,71] formed hydrogen bonding interactions 
with Arg295, Thr298, Tyr316 and Glu320. STOCKIN-88290 formed 
hydrophobic contacts with Arg298, while STOCKIN-89115 formed with 
Ile296 and Leu297 (Table 3 and Fig. S1e). 

STOCKIN-76694 and STOCKIN-19207 formed hydrophobic contacts 
with Met210, His226, Ile228, and Glu229. STOCKIN-76694 formed a 
hydrogen bond with Glu229 (Table 3 and Fig. S1f) while STOCKIN- 
19207 formed one with His226 (Table 3 and Fig. S1d). STOCKIN- 
95708 formed hydrogen bond interaction with Glu7, Arg227 and 
Glu236 but STOCKIN-86259 did not form such interaction. However, 
hydrophobic interactions for STOCKIN-95708 and STOCKIN-86259, 
included residues Ala9, Leu13, Arg16, Asp218, Ala28, Tyr136, 
Phe307,His226, Val308, Ala311, and Pro312 (Table 3 and Fig. S1g). 
STOCKIN-54848 had lower binding energy of − 10.1 kcal/mol compared 
to 22,26-azasterol (7.6 kcal/mol). It formed four hydrogen bonds with 
critical residues His226, Glu229, Tyr275 and Val331 and formed hy
drophobic contacts with Cys181, Lys225 and Ile228 (Table 3 and 
Fig. 5a) while 22,26-azasterol had hydrophobic interactions with 
Phe100, Lys198 and Pro199 (Table 3 and Fig. S1i) [21]. One of the 
known inhibitors of LdSMT, X2 with IC50 of 2.5 μM was found not to 
form hydrogen bonds with any of the amino acids in the binding pocket 
of the target. However, hydrophobic interactions were formed with 

Table 2 
The top 20 compounds arranged in order of decreasing pharmacophore fit scores. Downstream analysis was based on all 66 compounds.  

Compound ID Pharmacophore fit score Binding energy (kcal/mol) Compound ID Pharmacophore fit score Binding energy (kcal/mol) 

STOCKIN-63567 60.56 − 6.3 STOCKIN-89223 52.96 − 7.6 
STOCKIN-26015 60.17 − 6.1 STOCKIN-58769 52.96 − 6.8 
STOCKIN-89115 53.98 − 8.9 STOCKIN-32756 52.96 − 7.1 
STOCKIN-88290 53.47 − 7.8 STOCKIN-61176 52.90 − 8.0 
STOCKIN-90413 53.42 − 8.6 STOCKIN-92854 52.88 − 7.7 
STOCKIN-25055 53.35 − 6.3 STOCKIN-91725 52.84 − 7.1 
STOCKIN-86259 53.09 − 7.6 STOCKIN-88012 52.82 − 7.3 
STOCKIN-89039 53.08 − 8.2 STOCKIN-40363 52.77 − 6.2 
STOCKIN-58457 53.07 − 7.3 STOCKIN-16871 52.70 − 7.7 
STOCKIN-95708 53.05 − 7.6 STOCKIN-58337 52.59 − 7.5  

Fig. 6. The 2D interactions of the LdSMT-hits complexes as visualized in Discovery Studio. (a) STOCKIN-54848, (b) STOCKIN-95708, (c) STOCKIN-89115, and (d) 
legend interactions. 
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Table 3 
Binding energy and predicted binding site residues involved in the LdSMT-ligand complexes formed.  

Ligands Binding Energy/kcal/mol Binding residues 

Hydrogen bonds Hydrophobic bonds 

− 10.1 His226, Glu229, Tyr275, Val331 Cys181, Lys225, Ile228 

− 8.9 Arg295, Thr298, Tyr316 Ile296, Leu297 

− 8.7 Glu207 Trp208, Ile228, Val330 

− 8.4  Glu207, Trp208, Ile228, Glu229, Ile272, Val330 

− 8.4 Glu229 Tyr206, Trp208, Met210, Pro216, Ile228, Ser271, Ile272 

− 7.8 Thr298, Glu320 Arg289 

− 7.8 His226 Glu178, Cys181, Met210, Ile228, Glu229 

− 7.8 Val331 Trp208, Ile228, Tyr275 

− 7.6 Glu7, Arg227, Glu236 Ala9, Leu13, Arg16, Asp218, His226, Pro312 

− 7.6 Arg32, Asp35 Ala28, Tyr136, Phe307, Val308, Ala311 

(continued on next page) 
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residues Phe100, Gly200, Cys202, Tyr343 and Ile344 (Table 3 and 
Fig. S1h). 

3.6. Physicochemical properties of selected molecules 

The Lipinski’s rule of five (Ro5) was used to determine the physi
cochemical profiling of the compounds [72,73]. The Ro5 stipulates that 
for a compound to be orally active then certain parameters must be met 
which include molecular weight (Mw) ≤ 500 Da, LogP ≤5, hydrogen 
bond donors ≤5, hydrogen bond acceptors ≤10 and 40 ≤ molar 
refractivity ≤140 [73]. The Ro5 was used as a criterion for selecting 
orally active compounds [65]. Similarly, other studies have also used 
Ro5 in selecting compounds from natural products sources with the 
potential to be orally active [74–76]. All the 10 selected hit compounds 
(Table 4) complied with Ro5 and hence predicted to possess good 
physicochemical properties. The known inhibitors, azetimibe, imipra
mine, X2 and 22,26-azasterol were also predicted to be orally active 
since they did not violate any of the Ro5. The Veber’s rule suggests 
compounds can be orally active if the number of rotatable bonds ≤10 
and polar surface area ≤140 Å2 [77]. Both the selected hit compounds 
and known inhibitors were predicted to possess less than 10 rotatable 
bonds and polar surface areas less than 140 Å2, suggesting their po
tential as orally active compounds. 

Drug solubility is the maximum concentration of the drug that can 
completely dissolve in a solvent at a constant temperature and pressure 

and it is evaluated to predict the bioavailability and biological activity of 
the hit compounds [78]. Recent in silico studies employed solubility 
predictions as criteria for the selection of hit compounds, as many drugs 
developed have failed clinical trials due to poor solubility [21,67,74]. 
The identified potential hit compounds (Table 4) were predicted to be 
soluble suggesting their bioavailability potential. In addition, bioavail
ability score (BS) which is the fraction of an administered drug that 
reaches systemic circulation was assessed to differentiate well absorbed 
compounds from the poor. The selected hit compounds as well as the 
known inhibitors were predicted to have a bioavailability score of 0.55. 
A de novo design of potential inhibitors of LdSMT identified the novel 
ligands to possess a bioavailability score of 0.55 [21]. A similar in silico 
study found natural products compounds to have a bioavailability score 
of 0.55 [74]. 

Molar refractivity (MR) is the measure of the total polarity of a drug 
and it is estimated to provide useful information concerning the phar
macokinetics and pharmacodynamics of the molecule [79,80]. The 
acceptable MR range for drug-like molecules is 40–130 [21]. The pre
dicted hit compounds (Table 4) were all found to have overall polarity 
within the acceptable range. Similar predictions were observed for 22, 
26-azasterol, X2, imipraminn and azetimibe. Synthetic accessibility 
(SA) is the measure of the overall synthetic feasibility of a molecule and 
drug-like molecules are predicted to have a synthetic accessibility score 
lower than 6 [81]. Apart from X2 which showed SA score close to 6 (that 
is 5.65), the selected inhibitors, 22,26-azasterol, imipramine and 

Table 3 (continued ) 

Ligands Binding Energy/kcal/mol Binding residues 

Hydrogen bonds Hydrophobic bonds 

− 7.0  Phe100, Gly200, Cys202, Tyr343, Ile344 

− 7.6 Glu102, Gly200 Phe100, Lys198, Pro199  

Table 4 
Predicted physicochemical and pharmacological profiles of selected compounds and known inhibitors of LdSMT as well as some known drugs for leishmaniasis 
treatment.  

Compounds Mw (g/mol) NRB MR TPSA (Å2) LogS GI vRo5 BS SA BBB P-gp 

STOCKIN-54848 447.44 5 126.78 132.88 − 1.26 High 0 0.55 4.51 No No 
STOCKIN-89115 358.43 5 104.73 80.57 − 3.56 High 0 0.55 3.29 No Yes 
STOCKIN-68720 339.39 4 98..88 62.91 − 4.04 High 0 0.55 3.32 Yes No 
STOCKIN-44724 325.36 4 93.91 62.91 − 3.74 High 0 0.55 3.15 Yes No 
STOCKIN-76694 325.36 6 89.69 83.40 − 3.64 High 0 0.55 3.69 No Yes 
STOCKIN-88290 386.48 5 98.88 62.91 − 4.27 High 0 0.55 3.95 No Yes 
STOCKIN-19207 467.47 5 127.27 115.25 − 4.26 High 0 0.55 4.26 No Yes 
STOCKIN-47277 383.44 7 110.02 72.14 − 4.28 High 0 0.55 3.62 Yes No 
STOCKIN-95708 471.89 5 121.61 132.47 − 5.01 High 0 0.55 4.93 No Yes 
STOCKIN-86259 344.58 7 104.58 91.73 − 3.27 High 0 0.55 3.54 No Yes 
Imipramine 280.41 4 93.76 6.48 − 4.76 High 0 0.55 2.99 Yes No 
Azetimibe 409.43 6 112.97 60.77 − 4.92 High 1 0.55 3.37 Yes Yes 
X2 441.69 5 138.05 29.54 − 5.47 High 1 0.55 5.65 No No 
22,26-Azasterol 403..64 2 125.08 52.49 − 5.66 High 1 0.55 4.84 Yes Yes  
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azetimibe were predicted to possess SA score less than 5 (Table 4). 
Overall, the selected hit compounds were predicted to be orally active 
since they conform to the Ro5. 

3.7. Pharmacological and toxicity profiling of selected molecules 

Pharmacokinetics deals with the movement of a drug in the body 
[82,83] and its prediction is essential as drug candidates must reach 
their targets to elicit biological responses [83]. Absorption, distribution, 
metabolism and excretion (ADME) predictions are employed as criteria 
for filtering chemical libraries in the identification of hits [46,84]. Some 
of the key parameters computed herein include gastrointestinal ab
sorption (GI), blood-brain barrier (BBB) and permeability glycoprotein 
(P-gp). A high GI means the administered drugs can easily be absorbed 
in the intestines [85]. SwissADME [42] predicted all 10 hit compounds 
to possess high GI meaning they can easily be absorbed in the intestines 
and transported to their target receptors. The known inhibitors, X2, 
imipramine, azetimibe and 22,26-azasterol were also predicted to 
possess a high GI. Interestingly, an earlier study predicted the anti
leishmanial drugs amphotericin b, paromomycin and miltefosine to 
show low GI which suggest their low absorption into the blood stream 
[66]. A drug can cross the brain-barrier to the brain and attach itself to 
specific receptors to elicit activation of certain signal pathways [86]. 
Seven of the selected molecules comprising STOCKIN-54848, 
STOCKIN-89115, STOCKIN-76694, STOCKIN-88290, STOCKIN-19207, 
STOCKIN-95708 and STOCKIN-86259 (Table 4) were predicted not to 
cross the brain-barrier. However, STOCKIN-68720, STOCKIN-44714 
and STOCKIN-47277 were predicted to have the ability of crossing the 
BBB. Compared to the known inhibitors, apart from X2 which was 
predicted not to cross the BBB, the rest comprising imipramine, azeti
mibe and 22,26 show BBB permeation. A recent study to identify po
tential leishmanicides targeting cell division cycle (cdc) 2-related kinase 
12 (CRK12) shows that five of the selected hit compounds possessed BBB 
permeation [87]. A drug which is an inhibitor of P-gp will possibly have 
an increased bioavailability at the site of activity [88]. While 
STOCKIN-89115, STOCKIN-76694, STOCKIN-88290, STOCKIN-19207, 
STOCKIN-95708 and STOCKIN-86259 were predicted to be substrates of 
P-gp, STOCKIN-54848, STOCKIN-68720, STOCKIN-44724 and 
STOCKIN-47277 were otherwise. On the other hand, four known in
hibitors were predicted as P-gp substrates except X2 and imipramine. 

The toxicity profiles of the 10 compounds and the known drugs were 
predicted using OSIRIS Data Warrior 5.0.0 [43]. STOCKIN-54848 and 
STOCKIN-19207 were predicted to be mutagenic while STOCKIN-54848 
and STOCKIN-95708 were predicted as tumorigenic. STOCKIN-88290 
and STOCKIN-47277 were predicted to possess reproductive and irri
tant effects, respectively. This notwithstanding, optimization of the 
potential hit compounds to generate analogues with improved toxicities 
can be generated for their effective use in finding a lasting solution for 
leishmaniasis treatment. 

3.8. Biological activity of selected hits 

The Open Bayesian machine learning algorithm, Prediction of Ac
tivity Spectra for Substances (PASS) [44] was used to predict the bio
logical activity of the selected molecules (Table 5). PASS queries are 
based on the structure activity relationship (SAR) analysis of the 
chemical entities present in the database [89]. 

A total of 7 compounds comprising STOCKIN-54848, STOCKIN- 
89115, STOCKIN-68720, STOCKIN-44724, STOCKIN-76694, STOCKIN- 
47277, and STOCKIN-95708 were predicted to possess antileishmanial 
properties with predicted probability of activity (Pa) values of 0.256, 
0.226, 0.391, 0.421, 0.372, 0.479 and 0.380; and probability of inac
tivity (Pi) values of 0.096, 0.166, 0.052, 0.041, 0.061, 0.027 and 0.057, 
respectively. The higher Pa values compared to the Pi, suggest the 
likelihood of these compounds to inhibit the LdSMT and hence worthy of 
experimental evaluation [90]. In addition, all the compounds were 
predicted to have antineoplastic effects with Pa greater than Pi. Previous 
studies have identified a number of anticancer compounds (sunitinib, 
sorafenib and lapatanib) which have been evaluated against Leishmania 
parasites with some level of successes of which some including bexar
otene, imatinib and tamoxifen are already in clinical trials for leish
maniasis treatment [66,91–94]. 

STOCKIN-89115 and STOCKIN-88290 were predicted to possess 
dermatological properties with Pa values of 0.196 and 0.244 and Pi 
values of 0.172 and 0.123, respectively (Table 5) suggesting they can be 
explored for post kala-azar leishmaniasis [66,95]. STOCKIN-54848, 
STOCKIN-68720, STOCKIN-44724, STOCKIN-47277 and 
STOCKIN-86259 were also predicted as 3′-dimethylstaurosporine O- 
methyltransferase inhibitors with Pa of 0.260, 0.312, 0.28, 0.274 and 
0.208; and Pi of 0.081, 0.031, 0.038, 0.04 and 0.104, respectively. In 
addition, STOCKIN-47277 was predicted as an inhibitor of phenol 
O-methyltransferase with Pa of 0.23 and Pi of 0.16. Both 3′-dimethyl
staurosporine O- methyltransferase and phenol O-methyltransferase 
belong to the family of transfer of one-carbon group methyltransferases 
[96–98] of which the target protein, LdSMT is also a member. Therefore, 
the predicted inhibition of 3′-dimethylstaurosporine O- methyl
transferase and phenol O-methyltransferase by the selected hits suggest 
the compounds to possess the potential of suppressing ergosterol 
biosynthesis by inhibiting LdSMT. Similarly, these predictions are 
corroborated by an earlier study which identified potential LdSMT in
hibitors via de novo design. The identified hits were predicted to suppress 
3′-dimethylstaurosporine O- methyltransferase and phenol O- methyl
transferase [21]. Furthermore, STOCKIN-89115, STOCKIN-68720, 
STOCKIN-44724 and STOCKIN-47277 (Table 5) were predicted to be 
membrane permeability inhibitors with Pa values of 0.394, 0.359, 0.550 
and 0.541; and Pi values of 0.206, 0.222, 0.117 and 0.222, respectively. 
Suramin and other antibiotics (such as fosfomycin, cycloserine, vanco
mycin and bacitracin) used in treating African trypanosomiasis, cancer 
and bacterial infections exhibit their mode of action by suppressing 
membrane permeability [99–101]. This suggests the compounds can be 
investigated for their ability to inhibit membrane channels and protect 

Table 5 
Biological activity prediction of selected hits obtained from pharmacophore-based drug design.  

Selected Hits Antileishmanial activities Antineoplastic activities Dermatologic Membrane Permeability Inhibitor 

Pa Pi Pa Pi Pa Pi Pa Pi 

STOCKIN-54848 0.256 0.096 0.214 0.104 – – – – 
STOCKIN-89115 0.226 0.166 0.334 0.133 0.196 0.172 0.394 0.206 
STOCKIN-68720 0.391 0.052 0.391 0.108 – – 0.359 0.222 
STOCKIN-44724 0.421 0.041 0.373 0.115 – – 0.55 0.117 
STOCKIN-76694 0.372 0.061 0.286 0.102 – – – – 
STOCKIN-88290 – – 0.349 0.126 0.244 0.123 – – 
STOCKIN-19207 – – 0.264 0.123 – – – – 
STOCKIN-47277 0.479 0.027 0.391 0.108 – – 0.541 0.124 
STOCKIN-95708 0.380 0.057 0.252 0.184 – – – – 
STOCKIN-86259 – – 0.358 0.008 – – – –  
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cells against toxic and hypotonic stress that will lead to disease exac
erbation. Altogether, the selected hits possess novel scaffolds with the 
potential of inhibiting LdSMT as therapeutic moieties. 

3.9. Selection of hits for molecular dynamics simulation 

Hit compounds with predicted high Pa pertaining to relevant biological 
activity require experimental validation [102–105]. STOCKIN-54848, 
STOCKIN-89115, STOCKIN-68720, STOCKIN-44724, STOCKIN-76694, 
STOCKIN-47277, and STOCKIN-95708 were predicted to possess anti
leishmanial properties with Pa > Pi. The medicinal properties for chro
menone and its derivatives for treatments of various human ailments have 
been explored [106]. Chromenone scaffolds with promising anti
leishmanial potentials include encecalol angelate which inhibited axenic 
amastigotes of L. donovani at an IC50 value of 14.6 μg/mL [70]. The com
pound 2-(6,8 -Dichloro-2-methyl-4H chromene-4-ylidene) malono 
nitrile and its analogue, 2-Amino-3-(6,8-dichloro-2-methyl-4H 
chromen-4-ylidene)prop-1-ene-1,1,3-tricarbonitrile also stopped the 
growth of intracellular forms at 0.58 and 0.59 μg/mL, respectively [107]. A 
recent in silico studies to find putative hits against L. major identified 
chromen-2-one derivatives as potential inhibitors of trypanothione reductase 
corroborating the earlier in vitro and in vivo studies [46]. Based on these 
findings, the selected hits with chromenone moieties including 
STOCKIN-89115, STOCKIN-68720, STOCKIN-44724, STOCKIN-88290 and 
STOCKIN-47277 were not considered for MD simulation. The study 

therefore used potential novel scaffolds (STOCKIN-54848, 
STOCKIN-76694, STOCKIN-95708) without chromenone backbone 
together with the known drug (22,26-azasterol) and inhibitor (X2) for the 
MD simulations. Compound STOCKIN-54848 had four hydrogen bonds 
coupled with its low binding energy (− 10.1 kcal/mol) making it an 
interesting candidate to investigate further using MD simulation and 
MM-PBSA calculations. 

3.10. Molecular dynamics simulation 

A 100 ns MD simulation was performed to check the relative stability 
of the LdSMT-ligand complexes. The output files were used to generate 
root mean square deviation (RMSD), root mean square fluctuation 
(RMSF), and radius of gyration (Rg) plots of the complexes for analysis. 
The RMSD of the protein backbone of each complex were calculated and 
plotted against time (Fig. 7a). The RMSD plot explains the fluctuations of 
the LdSMT protein backbone and evaluates the stability of the protein- 
ligand complexes [84]. From the RMSD trajectories, it was observed 
that both the unbound protein as well as complexes of STOCKIN-54848, 
STOCKIN-76694, STOCKIN-95708, X2 and 22,26-azasterol were equil
ibrated with RMSD within the range of 0 and 0.6 nm (Fig. 7a), consistent 
with the de novo design of inhibitors against the target [21]. The RMSD 
of the unbound protein rose from 0 nm to 0.46 nm within a period of 20 
ns and then plateaued to the end of the 100 ns simulation. Similar trend 
was observed for all the other complexes. On comparing the trajectories, 

Fig. 7. RMSD, RMSF, Rg and SASA trajectories obtained from the molecular dynamic simulations. (a) RMSD versus time, (b) RMSF versus residue number, and (c) Rg 
versus time, and (d) SASA versus time for protein-ligand complexes including X2 and 22,26-Azasterol. 

P.O. Sakyi et al.                                                                                                                                                                                                                                 



Informatics in Medicine Unlocked 37 (2023) 101162

12

the unbound protein trajectory achieved stability with the highest RMSD 
implying the complexes achieved stability upon equilibration. Among 
the trajectories of the complexes, both STOCKIN-54848 and 
STOCKIN-95708 recorded the highest RMSD averaging about 0.2948 
and 0.2894 nm, respectively (Table 6) compared to the X2 (0.2515) and 
22,26-azasterol (0.2617). Furthermore, STOCKIN-76694 had an average 
RMSD of 0.2529, lower than 22,26-azasterol but comparable to X2 in 
terms of stability among the compounds [108]. 

The amino acid residues in the active site are critical in the stability 
of protein-ligand complexes [109]. RMSF was used to measure the 
fluctuations of the amino acid residues to the stability of the complex 
(Fig. 7b). Amino acid residues between regions 15–100, 200–250, and 
280–320 were identified to be critical for the protein-ligand complexes 
[21]. In this study, amino acid residues within these same regions were 
found to fluctuate for all the compounds implying that they are critical 
for binding. This notwithstanding, the highest fluctuation was observed 
around the region of 280–310 consistent with other studies [21,58,110]. 

The intermolecular forces of attraction between ligands and proteins 
determine the rigidness of the complex with a strong force of interaction 
depicting very compact complex and vice versa [50]. The compactness 
of the protein-ligand complexes were analyzed by measuring the Rg [66, 
111]. The Rg trajectory (Fig. 7c) ranging between 1.9 and 2.075 nm 
suggested the rigidness of the complexes during the entire simulation 
period. The Rg of the unbound LdSMT declined from 2.05 to about 1.95 
nm over a period of 40 ns, then became steady with an average Rg of 
1.955 nm until about 80 ns, and then rose steadily to 1.975 nm. The Rg 
of LdSMT-STOCKIN-54848 complex decreased steadily from 2.04 to 
about 1.96 nm for 20 ns and then increased slightly to 2.10 nm for 40 ns 
and then declined steadily thereafter for the next 40 ns. The Rg of 
LdSMT-STOCKIN-76694 and LdSMT-STOCKIN-95708 complexes expe
rienced similar trends with gradual decline from 2.05 to 1.975 nm over a 
period of about 50 ns. The Rg values then rose to about 2.025 nm for the 
next 20 ns and then decreased steadily to an average of 2.0 nm for the 
last 30 ns. Similar fluctuation trends were observed for LdSMT-X2 and 
LdSMT-22,26-azasterol complexes with LdSMT-X2 showing the lowest 
Rg among all the complexes. The average Rg for STOCKIN-54848, 
STOCKIN-76694, STOCKIN-95708, X2 and 22,26-azasterol complexes 
were found to be 1.9900, 2.0091, 2.0075, 1.9669 and 1.9992 nm, 
respectively, consistent with a previous study [21]. This further suggests 
that X2 formed a stable and rigid complex with LdSMT followed by 
STOCKIN-54848, 22,26-azasterol, STOCKIN-95708 and 
STOCKIN-76694. The average Rg value of the five systems was around 
1.9945 nm suggesting that all the complexes retained their rigidity 
throughout the simulations and formed stable complexes with LdSMT. 

Moreover, to observe the effects of solvent accessibility occasioned 
by loose packing on the stability of the protein-ligand complexes, SASA 
was computed and plotted. The protein-ligand complexes and the un
bound protein displayed similar SASA trajectory within the range of 
140–190 nm2 (Fig. 7d) The SASA for the unbound LdSMT decreased 
from 180 nm2 to 150 nm2 within the first 30 ns after which it rose 
gradually to 160 nm2 for the next 10 ns and then remained stable 

thereafter. Similar trajectory was observed for X2 and 22,26-azasterol 
with stabilization of the trajectory occurring after 30 and 60 ns, 
respectively during the 100 ns simulation period. However, the com
plexes of STOCKIN-54848 and STOCKIN-76694 showed an initial 
decline of SASA in the first 20 ns from 183 to 187 nm2, respectively to 
~160 nm2 before rising for the next 10 ns. While STOCKIN-76694 sta
bilized during the remaining 70 ns, the SASA for STOCKIN-54848 
decreased to 155 nm2 and then remained stable for the remaining 
period of the simulation. On the other hand, the SASA of the STOCKIN- 
95708 decreased from 180 to 165 nm2 in the initial 40 ns of the simu
lation and then rose to 175 nm2 in the next 20 ns. It decreased again to 
155 nm2 at the 90 ns mark before becoming stable. Comparatively, the 
average SASA recorded for STOCKIN-54848, STOCKIN-76694, 
STOCKIN-95708, X2 and 22,26-azasterol are 166.152, 172.178, 
171.837, 163.254 and 167.139 nm2, respectively (Table 6). As a rule of 
thumb, low SASA values imply limited solvent surface charges resulting 
in structural restrictions of protein-ligand complexes leading to a more 
compact and stable configuration [111]. Consequently, considering the 
average of the computed SASA values for the various complexes, the 
order of stability is accordingly X2 > STOCKIN-54848 > 22,26-azas
terol > STOCKIN-95708 > STOCKIN-76694. The low SASA values 
recorded for all the complexes signify their stability throughout the 100 
ns simulation period. 

3.11. MM-PBSA calculations 

The MM-PBSA method was used in calculating the free energy of 
binding (ΔGbind), van der Waals interactions energy (ΔGvdW), electro
static energy (ΔGele), polar solvation energy (ΔGpol, sol) and non-polar 
solvation energy (ΔGSASA) of the selected protein-ligand complexes 
[112,113]. A high negative ΔGbind value for each complex except for 
LdSMT-STOCKIN-95708 complex signifies a strong affinity of the small 
molecules towards the LdSMT corroborating results from the docking 
studies [50,114]. The complex of STOCKIN-54848 which was predicted 
to have the least binding energy (− 10.1 kcal/mol) from AutoDock Vina 
was shown to have free binding energy (− 127.838 kJ/mol) lower and 
comparable to the known inhibitors, 22,26-azasterol (− 72.305 kJ/mol) 
and X2 (− 129.725 kJ/mol), respectively. Similarly, STOCKIN-76694 
exhibited the lowest free binding energy (− 149.899 kJ/mol) among 
the selected hits as well as X2 and 22,26-azasterol. STOCKIN-95708 
showed a high free binding energy of +4190.558 kJ/mol when it had 
− 7.6 kcal/mol obtained from Autodock Vina rendering STOCKIN-95708 
not fit to be a hit. This notwithstanding, the main contributor to the free 
energy of binding was found to be van der Waal (ΔGvdW) and is 
responsible for the embedded hydrophobic binding site of the target 
protein. The next dominating energy contributor is ΔGele with values 
ranging from − 94.983 to − 3.390 kJ/mol followed by polar solvation 
energies with − 15.475 kJ/mol being the least energy contributed for the 
complexes (Table 7). The energy contributions suggest that the selected 
hits except STOCKIN-95708 have more propensity to be potential in
hibitors of LdSMT. 

Table 6 
The maximum, minimum and average RMSD, RMSF and Rg values obtained from MD simulations.  

Complex STOCKIN-54848 STOCKIN-76694 STOCKIN-95708 X2 22,26-Azasterol 

RMSD (nm) Maximum 0.5890 0.5052 0.5783 0.5024 0.5229 
Minimum 0.0005 0.0005 0.0005 0.0005 0.0005 
Average 0.2948 0.2529 0.2894 0.2515 0.2617 

RMSF (nm) Maximum 0.8140 0.7223 0.8001 0.6327 0.5129 
Minimum 0.0818 0.0867 0.0710 0.0685 0.0719 
Average 0.4479 0.4045 0.4355 0.3506 0.2920 

Rg (nm) Maximum 2.0374 2.0508 2.0526 2.0131 2.0662 
Minimum 1.9426 1.9674 1.9623 1.9206 1.9323 
Average 1.9900 2.0091 2.0075 1.9669 1.9992 

SASA (nm2) Maximum 183.370 187.281 189.524 180.466 187.260 
Minimum 148.934 157.075 154.149 146.042 147.017 
Average 166.152 172.178 171.837 163.254 167.139  
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The energy contributions of critical amino acid residues are essential 
for the stability of protein-ligand complexes [38,115]. The per-residue 
decomposition was employed to determine the energy input of each 
residue and as a rule of thumb, residues with energies ≥+5 kJ/mol or ≤
− 5 kJ/mol are regarded as critical for ligand binding [116]. Among the 
three selected hits, STOCKIN-76694 had residues Trp208, Glu229 and 
Leu230 (Fig. 8) contributing energies above or below +5 or − 5 kJ/mol. 
The residues Thr8, Pro10, Asn18 and Lys19 (Fig. S2a) were found to 
provide energies lower than − 5 kJ/mol for the stability of the 
STOCKIN-54848 complex. Compared to the known inhibitors, while 
none of the residues (Fig. S2b) contributed energies ≥ +5 kJ/mol or ≤
− 5 kJ/mol for the stability of X2, that of Glu102 and Lys198 (Fig. S2c) 
were critical for the stability of the 22,26-azasterol complex. While the 
earlier study identified Tyr92 and Ala96 to be critical residues for ligand 
binding to LdSMT target [21], the current work shows that Thr8, Pro10, 
Asn18, Lys19, Glu102, Lys198, Trp208, Glu229 and Leu230 amino acids 
within the binding site also contribute plausible energies required for 
the stability of the protein-ligand complexes. 

4. Future outlook 

Pharmacophore-based drug design with its added advantage of 
incorporating diversity of features and promoting specificity plays 
pivotal role in the identification of novel chemotypes for different pro
tein targets [67,117–119]. Integration of the predictions with experi
mental validation will ensure a better means of evaluating the structure, 
function and modulation of essential therapeutic targets needed to 
accelerate the drug design pipeline [119–121]. Therefore, the predicted 
hits in this study could be validated by the efficient and reliable 
experimented assay to confirm their potential as lead molecules. 
Mechanisms of binding of the identified hits could be elucidated via 
thermal melt assays [122] followed by evaluation of the physiological 
activities [123] against the Leishmania parasite. Furthermore, a good 
understanding of the inhibitory effect of the hit molecules would be 
achieved by performing experimental studies comprising the kinetic and 
thermodynamic studies [124] of the protein-hit residence time. 

The recent upsurge in the interest of the concept of computer-aided 
drug design (CADD) is attributed to the shortened duration, higher 
selectivity and reduction in the cost of drug design compared to the 
traditional means of drug design and development [125]. Some drugs 
currently in use such as saquinavir, a drug for the treatment of AIDS 
targeting proteases of HIV 1 and HIV 2, captopril for treating high blood 
pressure by inhibiting the conversion of angiotensin-converting enzyme 
and zanamivir which target neuraminidase for influenza A and B 
treatments were designed by CADD [126]. An in silico study identified 
rutin, a flavonol known for its antioxidant, anticarcinogenic and car
dioprotective activities to possess antileishmanial properties targeting 
Leishmania donovani 3-mercaptopyruvate sulfurtransferase [127,128]. 
In vitro studies carried out shows that rutin inhibits Leishmania donovani 
promastigotes and amastigotes with an IC50 of 40.95 and 90.09 μM, 
respectively [128]. Similarly, an in silico study identified bisindolylma
leimide IX (BIM IX) to possess multitargeting potential for the treatment 
of SARS-CoV-2 [63]. In vitro studies validated the docking results with 
IC50 of 28.18 μM targeting 3CLpro [63]. Based on the aforementioned, 
biological activity and cytotoxicity testing via in vitro and in vivo analysis 
can be carried out on the identified potential hits to assess their 

antileishmanial potentials. 
Furthermore, the coordination of the predicted compounds with 

transition metals targeting sterol methyltransferase could provide a 
plausible means of combating leishmaniasis. 

5. Conclusion 

The present work employed pharmacophore-based design, molecu
lar docking and dynamics simulations studies to predict hits with unique 
scaffolds as potential inhibitors of LdSMT for leishmaniasis treatment. In 
all, 10 compounds were predicted as potential inhibitors of Leishmania 
parasites attenuating LdSMT with binding energies between − 7.6 and 
− 10.1 kcal/mol, which were lower or comparable to the known inhib
itor, 22,26-azasterol. MD simulations and MM-PBSA corroborated the 
docking results with Trp208 and Val330 identified as novel residues 
critical for ligand binding. While all the compounds were predicted to 
possess antineoplastic properties, seven of the hits (STOCKIN-54848, 
STOCKIN-89115, STOCKIN-68720, STOCKIN-44724, STOCKIN-76694, 
STOCKIN-47277 and STOCKIN-95708) were also predicted to exhibit 
antileishmanial effects. The bioactivity predictions, pharmacological 
profiles, binding energies, and binding mechanisms suggest these hits as 
potential inhibitors of the target protein which need experimental 
validation to confirm their antileishmanial activity. 
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Table 7 
MM-PBSA free binding energy assessment scores of selected molecules.  

Complex ΔGvdW (kJ/mol) ΔGele (kJ/mol) ΔGpol,sol (kJ/mol) ΔGSASA (kJ/mol) ΔGbind (kJ/mol) 

STOCKIN-54848 − 181.010 ± 17.506 − 94.983 ± 26.865 162.483 ± 37.132 − 14.329 ± 2.329 − 127.838 ± 25.330 
STOCKIN-76694 − 217.243 ± 85.589 − 6.439 ± 10.576 90.570 ± 47.465 − 16.786 ± 6.646 − 149.899 ± 58.600 
STOCKIN-95708 4135.241 ± 1670.883 − 43.493 ± 19.307 118.716 ± 47.409 − 19.905 ± 8.383 4190.558 ± 1688.261 
X2 − 142.275 ± 50.679 − 3.390 ± 6.417 29.163 ± 21.101 − 13.223 ± 4.385 − 129.725 ± 51.799 
22,26-Azasterol − 0.047 ± 0.042 − 56.829 ± 37.192 − 15.475 ± 37.519 0.045 ± 2.716 − 72.305 ± 59.057  

Fig. 8. Per-residue energy decomposition trajectory for the LdSMT-STOCKIN- 
76694 complex. 
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