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ABSTRACT: As cancer continues to take millions of lives worldwide, the need to create effective therapeutics for the disease per-
sists. The kinesin Eg5 assembly, a motor protein responsible for microtubule movement in mitosis, is a promising target for anti-
cancer drugs since inhibition of this protein would lead to cell cycle arrest. Since its discovery two decades ago, monastrol, a small 
molecule dihydropyrimidine, has attracted the attention of medicinal chemists with its potency as a kinesin Eg5 inhibitor. High-
throughput virtual screening (HTVS) allows hundreds of structures to be evaluated for potential biological activity in a relatively 
short amount of time, and we hypothesize that this could also be applied to the identification of small molecule Eg5 inhibitors from 
a targeted library. Here, we employ HTVS in order to screen a library of one hundred analogs of monastrol to determine biological-
ly potent dihydropyrimidine Eg5 inhibitors. Through protein-ligand docking experiments conducted on Swissdock and Docking 
Incrementally (DINC), it was determined that the analogs with decyl, geranyl, and phenoxyethyl substitutions at C5 exhibited the 
greatest binding affinities to the allosteric binding pocket of kinesin Eg5. Future studies involving the synthesis and testing of such 
novel analogs should be conducted to explore the potencies and biological activity. 

INTRODUCTION 
In 2019, cancer was responsible for over 600,000 
deaths throughout the United States.1 Though cancer 
is currently the second highest leading cause of death, 
the mortality rates for this disease have declined by 
27% over the past 25 years, and these improvements 
in survival rates have been attributed mainly to ad-
vances in early detection and treatment.2 Many of the 
successful small molecule therapeutics for cancer 
have been the products of years of intensive drug dis-
covery research, involving the identification of poten-
tial candidates through screening of naturally derived 
or synthetic compounds. Examples of small molecule 
cancer treatments currently being used in the clinic 
and developed as a result of drug discovery efforts 
include paclitaxel, doxorubicin, and etoposide. 

In 2000, the Mitchison group reported the discovery 
of monastrol, a small molecule dihydropyrimidine 
(DHPM) that was found to inhibit kinesin Eg5 (Fig-
ure 1), which is a motor protein involved in the as-
sembly and separation of mitotic spindle fibers in the 
cell cycle.3 Cells treated with monastrol are arrested 
at the G2/M phase and typically undergo apoptosis, or 
programmed cell death. Following this discovery, 
DHPMs have gained significant interest in medicinal 
chemistry. Monastrol binds to an allosteric site, in-
ducing a conformational change in Eg5, and prevent-
ing it from continuing the process of mitotic division 
normally.  
 
Two enantiomers of monastrol exist (Figure 2), given 
the relative stereochemical arrangement of the hydro-
gen attached to the central carbon. As previous stud-



 

 

ies have discovered that the S-enantiomer of monas-
trol is a more potent inhibitor of kinesin Eg5 than  

the R-enantiomer both in vitro and in vivo, this work 
will focus solely on the former.4 
 

Figure 1. (a) Crystal structure (PDB:1X88) of monastrol bound to kinesin Eg5 with amino acids including 
TYR 211, ARG119, ASP130, ALA133, and PRO137; (b) detailed visualization of the binding site. 
 

 
 
Figure 2. This shows the stereochemistry of monastrol: the R-enantiomer is less potent compared to the S-
enantiomer. 

 
 
Small molecule therapeutics which are structurally 
analogous to monastrol and other DHPMs have pre-
viously been shown to have antiproliferative activity 
in cells.5 Given the significance of biological activity 
that monastrol produces, it has been of deep interest 
to use the DHPM scaffold to create more potent in-
hibitors of kinesin Eg5. Here, we hypothesize that the 
binding affinity of such analogs is related to hydro-
phobic interactions that the ester functionality is en-
gaged in with hydrophobic residues of the reported 
binding pocket. Pi-stacking and hydrogen-bonding 

interactions of the substituted aromatic ring at C4 
with residues in close proximity are also being ob-
served. 
 
High-throughput screening (HTS) technologies have 
improved drastically over the past decades with the 
rise of a need for medical innovations in society.6 
This process involves the screening of large libraries 
of compounds for potency against biological targets 
through the use of automation, miniaturized assays, 
and quantitative data analysis.6 High throughput vir-



 

 

tual screening (HTVS), on the other hand, provides an 
efficient computational method to discover the most 
effective compounds from massive libraries of ana-
logs to a set of finite user-set conditions. Docking is a 
method in which the thermodynamic efficiency of a 
molecular interaction can be calculated. These values  

can be used to predict both the binding thermodynam-
ics and preferred binding pose of a small molecule 
ligand to a protein target. The molecular docking 
softwares used for these calculations often require the 
inputs of a biological receptor protein, designed lig-
and, and user-defined gridbox. 
 

Figure 3: Structure of monastrol highlighting its 3-hydroxyphenyl (blue) and ethyl ester (green) groups. 
These groups were modified during computational screening. 

 
 

Our study focused on the computational screening of 
systematic modifications of the aromatic constituent 
and ester group, as displayed in Figure 3. While mo-
nastrol has a 3-hydroxyphenyl group and an ethyl es-
ter as displayed in Figure 3, the analogs presented in 
this study focus on the computational screening of 
systematic modifications of the aromatic constituent 
and ester group, as portrayed in Figure 4. We used 
HTVS to establish a robust structure-activity relation-
ship (SAR) of the Eg5/kinesin-binding affinities of  

dihydropyrimidine analogs possessing the same core 
scaffold as monastrol. The aforementioned dihydro-
pyrimidine scaffolds are synthetically accessible 
through a multicomponent Biginelli cyclocondensa-
tion reaction, and the analogs we screened could be 
easily synthesized by combinatorially changing the 
beta-keto ester and the aldehyde. Through the various 
combinations and subsequent HTVS of selected ester 
and aryl groups, the 100 analogs were analyzed and 
assessed for increased antiproliferative abilities. 

 
Figure 4. Ester and aryl substitutions for each dihydropyrimidine analog (only the S-enantiomer was 
screened). 

 



 

 

 

 



 

 

METHODS 
Avogadro 
Each compound to be screened was constructed virtu-
ally on Avogadro, an open-access three-dimensional 
molecular editing and viewing software. Following 
the construction of each analog, an initial molecular 
mechanics geometry optimization was performed. 
 
ORCA 
To begin to identify the best binding pose, we first 
determined the quantum mechanically most favorable 
geometry for each analog using density functional 
theory (DFT) molecular geometry optimizations, 
which were conducted using an ab initio quantum 
mechanical molecular modeling software called 
ORCA.8 In order to run these geometric optimization 
calculations, input files for each structure suited for 
ORCA were generated by Avogadro. To simulate the 
aqueous environment in which monastrol binds to 
kinesin Eg5 in vivo, we used a conductor-like polariz-
able continuum (CPCM) solvation model. This is an 
implicit solvation model, which treats the solvent en-
vironment as a continuous medium with a particular 
dielectric and polarizability, rather than individual, 
explicitly-defined solvent molecules. The hybrid 
functional chosen was B3LYP. It includes exact ex-
change and GGA (Generalized Gradient Approxima-
tion) corrections in addition to LDA (Local-Density 
Approximations) electron-electron and electron-
nuclei energy. After confirming the atomic positions 
in the most quantum mechanically stable states, the 
analogs were prepared for protein-ligand docking. 
These optimized structures were subsequently submit-
ted to two different docking servers: Swissdock and 
Docking Incrementally (DINC).  
 
Docking 
Molecular docking is used to predict binding affinities 
of ligands bound to particular targets on the basis of 
specific thermodynamic factors that contribute to and 
detract from the free energy interaction between the 
target and ligand, including noncovalent interactions 
such as electrostatic attractions/repulsions, pi-stacking 
interactions, hydrophobic interactions, and hydrogen 
bonding networks. The docking outputs were visual-
ized on UCSF Chimera.9 By observing the binding 
pocket of monastrol to the human motor protein, ki-
nesin Eg5 (Figure 1), we were able to determine the 
correct gridbox coordinates to bind the rest of our 
analogs to. 
 
 
 

Swissdock 
Swissdock, developed by the Swiss Institute of Bioin-
formatics, is a web-based server for protein-ligand 
docking that utilizes an EADock DSS algorithm.10 
This algorithm involves the generation of binding 
modes in the vicinity of all target cavities (blind dock-
ing). Utilizing their CHARMM energies, the binding 
modes with the most favorable energy values are ana-
lyzed and clustered, which can subsequently be 
viewed on the server or on other molecular visualiza-
tion softwares. In this study, we docked each of the 
novel analogs into the allosteric binding pocket of 
human Eg5 (PDB: 3HQD) to obtain predicted binding 
affinities. Swissdock outputs varying conformations 
of a ligand on a receptor based on different clusters, 
or positions. Each cluster has a different amount of 
conformations, depending on the type of position it 
was performed on. The predicted free energies of 
binding (∆Gbinding) of each analog to Eg5 is reported in 
kcal/mol, and represents the binding affinity of the 
ligand. A heat map of the predicted binding affinities 
is summarized in Table 1. 
 
Docking Incrementally (DINC) 
Docking Incrementally (DINC), originally developed 
by the Kavraki Lab, was the second docking program 
used to evaluate our analogs. DINC uses a meta-
docking algorithm, which is that of AutoDock Vina, 
another docking software which predicts thermody-
namically favorable interactions between small mole-
cule ligands and protein targets.11 DINC treats the 
ligand as a superposition of a rigid body component 
and a single rotatable component, and was chosen in 
order to more accurately model the kinesin-ligand 
system, since many of our analogs had a large number 
of rotatable bonds. Each single partial solution is 
overlapped as a fragment until the entire ligand has 
been reconstructed. DINC also reports an Energy vs. 
RMSD plot for each ligand, which shows the average 
distance between atoms in each binding pose and the 
superimposed protein with their corresponding energy 
values in graphical form. A heat map of the docking 
thermodynamics obtained from DINC are summa-
rized in Table 2.  
 
RESULTS 
The first computational docking software used was 
Swissdock. Each of the 100 analogs was docked onto 
the kinesin Eg5 receptor (3HQD). Predicted free en-
ergies of binding (∆G) are reported in Table 1. 
 
 
 



 

 

Table 1. Heatmap of Swissdock results which are color-coded based on their ∆G value; the legend is shown 
below heatmap. 
 

 
 
The best analogs depicted by the Swissdock computa-
tions were those with the decyl and geranyl ester sub-
stitutions, T1-T20, as indicated by the common trend 
of having ∆G values less than -8.00 kcal/mol. This is 
likely due to an increased ability of decyl and geranyl 
ester substitutions for hydrophobic interactions with 
nonpolar residues in the binding pocket. The analogs 
with methyl and ethyl ester substitutions, AR1-AR20, 
had the lowest binding affinity and resulted in the 
least negative ∆G values. Additionally, the magnitude 
of ∆G values were shown to increase with the length 
of the hydrocarbon chain of the ester. With a ∆G of  

-9.07 kcal/mol, the analog with the greatest binding 
affinity to kinesin Eg5 was discovered to be T16, 
which consisted of geranyl ester and 4-hydroxy-3,5-
dimethoxy aryl substitution. T7, which consisted of 
decyl ester and 4-N,N-dimethylamino aryl substitu-
tion, gave the second most thermodynamically favor-
able binding affinity (∆G=-8.87 kcal/mol). Shown in 
Figure 5, the structure-activity relationship of these 
two analogs as computed by Swissdock suggests 
higher likelihoods of having a greater biological po-
tency than the other analogs. 

 
Figure 5. The most thermodynamically efficient binders discovered using Swissdock were T7 and T16. T7 
was the analog with a decyl ester substitution and a 4-N,N-dimethylamino aryl substitution. T16 was the 
analog with a geranyl ester substitution and a 4-hydroxy-3,5-dimethoxy aryl substitution. 

 



 

 

The next series of computational docking experiments 
were conducted using the DINC protein-ligand dock-
ing software. Each analog was docked onto the same 
kinesin Eg5 receptor (PDB: 3HQD) with the  

appropriate gridbox coordinates. The results for each 
analog were documented in another heatmap shown 
in Table 2. 

 
Table 2. Heatmap of DINC results (color-coded by ∆G value) along with a legend depicting the color cod-
ing key, shown below. The ∆G values can be seen to be drastically higher from those attained using 
Swissdock. 
 

 
 
Analogs T11-20 showed the greatest binding affinity, 
which is consistent with the results produced by 
Swissdock. However, unlike Swissdock, the analogs 
with decyl ester substitutions (T1-T10) docked with 
DINC did not reveal binding affinities as negative as 
those from Swissdock. The R1-10 analogs containing 
a phenoxyethyl ester substitution also displayed more 
negative ∆G values in comparison to the other ana-
logs. The compounds with the lowest binding affinity 
were AR1-20, with methyl and ethyl ester substitu-
tions, consistent with the results from Swissdock. In-
terestingly, binding affinities predicted by DINC were 
consistently more negative by 2-3 kcal/mol across all 
structures screened. Compounds AR8 and I10 failed 
to dock on DINC. 
 
 
 

DISCUSSION 
While the actual thermodynamic values given by each 
docking platform were slightly different, a common 
trend emerged in the role of specific functionalities in 
binding affinity. Because of its increased ability of the 
geranyl fragment to engage in hydrophobic interac-
tions with the binding pocket, the ligands with gera-
nyl esters had the highest projected binding affinity to 
kinesin Eg5 on both Swissdock (Table 1) and DINC 
(Table 2). 
 
The Swissdock results (Table 1) also indicated that 
the decyl analogs were particularly effective binders 
to kinesin Eg5. This is due to the hydrophobicity of 
the decyl group with the nearby residues of kinesin, 
which can lead to stronger interactions between the 
ligand and protein in a binding pose, which can lead 
to a more thermodynamically efficient binding affini-



 

 

ty. The specific interactions between the amino acid 
residues and the most and least effective docked lig-
ands are described in detail below. 
 
The DINC results (Table 2) indicated that the phe-
noxyethyl analogs (R2-R10) might also have a high  

binding affinity to kinesin Eg5, also presumed to be 
based on hydrophobicity (described below). As seen 
in Figures 6 through 9, the hydrophobicity surface 
depiction can provide details about the interactions 
between the ligand and kinesin and whether they are 
hydrophobic, hydrophilic, or neutral. 

 
Figure 6. (a) Docked structure of the ligand with the most negative binding affinity (T16) according to 
Swissdock ∆G values; (b) Detailed visualization of the protein-ligand interaction; (c) Hydrophobic interactions 
with surrounding amino acids along with a hydrophobicity surface. 
 

 
 
The amino acid residues that T16 can be seen bound 
to include LEU30, ASN29, THR107, GLY108, 
ASN229, ALA230, PRO27, TYR231, and ARG26. 
This binding pocket differs from the ones below be-
cause of the presence of positively charged amino 
acids. The residues with hydrophobic side chains, 
alanine and leucine, interact hydrophobically with the 
ligand while the other amino acids with polar side 
chains can be seen to act through hydrogen bonding. 
Depicted in Figure 6(c), the hydrophobic (red),  

hydrophilic (blue), and neutral (white) interactions 
can be seen. Similarly to AR2, the aryl group of the 
molecule can be seen interacting with the ligand hy-
drophobically, while the ester group can be seen in-
teracting with the ligand through hydrophilic interac-
tions. The dihydropyrimidine thione beneath the aryl 
group can be seen interacting both hydrophobically 
and hydrophilically along with the methyl group at 
C5 being neutral. 

 
Figure 7. (a) AR2, the ligand with the least negative binding affinity according to Swissdock, is shown 
docked to its binding pocket on kinesin Eg5; (b) Detailed visualization of the protein-ligand interaction; (c) 
Hydrophobic interactions with surrounding amino acids along with a hydrophobicity surface. 
 

 
 
The nearby amino acids associated with AR2 include 
GLY273, ASN271, ALA285, ASN289, LEU293, 
GLU334, and GLN290. These differ because the 
binding pocket has more negatively charged residues, 
such as glutamic acid. The hydrophobic amino acids, 
alanine and leucine, seem to engage in hydrophobic 
interactions with the ligand, along with asparagine 

and glutamic acid acting through hydrogen bonding, 
as these are positively charged amino acids. The third 
visualization above shows the ligand bound to mainly 
white and blue areas with the aryl group near the hy-
drophobic part of the binding pocket, which signifies 
a hydrophobic interaction between C4 and C5 of the 



 

 

ligand. The blue area displays a hydrophilic interac-
tion between the ester group and Eg5. 
 
Figure 8. (a) T18, the ligand with the most negative binding affinity according to DINC, is shown docked to 
its binding pocket on kinesin Eg5; (b) Detailed visualization of the protein-ligand interaction; (c) Hydro-
phobic interactions with surrounding amino acids along with a hydrophobicity surface. 

 
 
T18, shown in Figure 8, is surrounded by amino acids 
consisting of LEU30, ASN29, PRO27, LYS77, 
PHE113, ALA74, and SER75. Because amino acids 
like alanine and leucine have hydrophobic chains, it 
can be inferred that T18 binds strongly to kinesin be-
cause of its hydrophobic interactions. Along with hy-
drophobic interactions, lysine, a positively charged 
amino acid, can also lead to hydrogen bonding in the 
binding pocket. Depicted in the third image of the 
figure, the hydrophobic (red), hydrophilic (blue),  

and neutral (white) interactions can be seen. Using 
UCSF Chimera to visualize, the aryl group of the lig-
and can be seen interacting with a hydrophilic region 
of kinesin Eg5, unlike the other analogs, mainly be-
cause of the lack of an oxygen atom on the functional 
group. The dihydropyrimidine thione can be seen in-
teracting with a hydrophobic, hydrophilic, and neutral 
surface of the protein while the ester group mainly 
has a neutral interaction. 
 
 

Figure 9. Docked structures of the ligands with the least negative binding affinities according to DINC onto ki-
nesin Eg5 (I6 and I9), both with ∆G values of -4.1 kcal/mol. (a) Visualization of I6 bound to kinesin Eg5; (b) De-
tailed visualization of the protein-ligand interaction of I6; (c)  Hydrophobic interactions with surrounding ami-
no acids along with a hydrophobicity surface for I6; (d) Visualization of I9 bound to kinesin Eg5; (e) Detailed 
visualization of the protein-ligand interaction for I9; (f) Hydrophobic interactions with surrounding amino acids 
along with a hydrophobicity surface for I9. 
 

 



 

 

The least effective binders of kinesin Eg5, according 
to the values obtained by DINC, were I6 and I9, both 
with ∆G values of -4.1 kcal/mol. Using UCSF Chime-
ra, it is clear to see that the surrounding amino acids 
of I6 include ILE89, PRO88, CYS87, SER84, and 
ARG83. The surrounding amino acids of I9 include 
GLN142, CYS87, ARG83, and THR139. Compound 
I6 is engaging in a hydrophobic interaction with 
ILE89, which has a hydrophobic side chain. Howev-
er, compound I9 has no amino acids with hydropho-
bic side chains, which is why in the hydrophobic sur-
face depiction, it can be seen interacting mainly with 
hydrophilic regions of the protein. 
 
The inconsistent values between DINC and 
Swissdock can be attributed to the differences in the 
algorithms used in each software. DINC uses frag-
ments of the ligand and docks them separately. Then, 
the fragments are connected and the conformational 
position with the lowest ∆G is recorded. For 
Swissdock, different clusters are recorded on the ac-
tive site. For each cluster, ∆G values for confor-
mations are recorded and the lowest ∆G value is cal-
culated. 
 
CONCLUSION 
The increased binding affinity of the geranyl and 
decyl analogs screened in this study suggests that hy-
drophobic interactions of the ester functionality is a 
key component in binding of dihydropyrimidine ana-
logs of monastrol to the allosteric binding pocket of 
Eg5. These are potential leads in the development of 
more potent inhibitors of kinesin Eg5, and the crea-
tion of these new analogs could potentially yield anti-
cancer molecules that have greater antiproliferative 
properties than monastrol. The structure-activity rela-
tionship uncovered by such high-throughput virtual 
screening efforts informs the future chemical synthe-
sis of analogs with greater potency and biological ac-
tivity. Using high-throughput virtual screening to dis-
cover more effective small molecule kinesin Eg5 in-
hibitors has the potential to advance humanity’s ef-
forts in combating cancer and revolutionize the avail-
able treatments for this fatal disease. 
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