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Virtual screening of two selected tranches of two subsets of ZINC database 
against the colchicine domain of tubulin performed using AutoDock Vina, 
revealed new structural pattern which appeared 30 times in the top 
50 predicted ligands. The predicted binding free energies of these structures 
were significantly better than the binding free energy obtained when the 
original ligand podophyllotoxin, extracted from the α,β-tubulin: 
podophyllotoxin cocrystal, was re-docked. The novel potential lead structure 
fulfills the Lipinski’s criteria. 

 

 
 

INTRODUCTION* 

Cancer is, together with cardiovascular diseases, 
the major cause of death in developed countries.1 One 
of the general characteristics of cancer cell is frequent 
uncontrolled dividing, making the cell highly 
sensitive to antimitotic agents. Microtubules are 
crucial for the cell life cycle progress.2 The formation 
of microtubules is a dynamic process that involves 
the polymerization and depolymerization of tubulin 
stable non-covalent α,β-heterodimers.3,4 Thus, tubulin 
has become an important target in cancer chemothe-
rapy. There are three known binding sites, named 
taxane, vinca and colchicine domain. While taxane 
domain ligands stabilize microtubules, ligands 
binding to vinca or colchicine domain prevent 
assembly of tubulin heterodimers.5 Both stabilization 
and destabilization result in disruption of microtu-
bules fast dynamics, which are critical for correct 
progress of mitosis. While drugs that act on the vinca 
and taxane site have well-established role in clinical 
practice, drugs binding to colchicine site have yet to 
be developed.2 They are considered to be important 
structures in the development of new antineoplastic 
agents according to the National Cancer Institute 
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(NCI) and some of them are already being in clinical 
phases.5 There are several reasons for this interest, 
including the fact, that colchicine site ligands (CSLs) 
show higher structural diversity, thus providing a 
plateau for structural modifications in order to obtain 
compounds with higher activity, lower toxicity, better 
solubility, suitable administration, distribution, 
metabolisms and excretion (ADME), having the 
potential to become orally available drugs. While 
vinca alkaloids and taxanes, being the natural 
products and their derivatives, have complicated 
structures with many chiral centers and high molar 
mass, CSLs are small molecules and thus are 
generally more easily obtained, which provides also 
economic benefit. Further, ligands binding to the 
colchicine domain of tubulin generally stronger 
inhibit the tumorous neovascularization than vinca 
alkaloids and taxanes.5 Molecular diversity among 
CSLs asks for new leads, which shall be modified by 
pharmaceutical companies in order to obtain the best 
result for patients. 

Computational methods, typically followed by 
in vitro testing, have the potential to speed up the 
discovery of novel drugs. Reduction of screening 
costs and the time required to identify the 
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candidate are important goals of computer-aided 
molecular design.6 In silico predictions together 
with in vitro experiments in drug evaluation can 
reduce and gradually replace many expensive and 
often ethically disputatious in vivo experiments. 

Two key steps in drug discovery programs are 
the identification of hit molecules (hits) and lead 
series (leads). A lead series comprises a set of 
related molecules that usually share some common 
structural feature, and which show some variation 
in the activity as the structure is modified. Finding 
a novel leads can be a difficult problem. High-
throughput screening (HTS) enables large number 
of compounds to be screened using highly 
automated techniques. However, HTS has its 
limitations. All the real samples must be 
synthesized or purchased, some assays cannot be 
converted to HTS format and some molecules may 
contain functional groups that interfere with the 
assay.7 Also, academic employees seldom dispose 
with fully robotic equipment. Thus, identification 
of a suitable subset of compounds for in vitro 
experiment via computational techniques is often 
needed.7 Bench scientists shall anticipate late stage 
failures of potent leads due to unsuitable 
physicochemical and biopharmaceutical properties. 
This brings the drug like properties and ADME 
predictions as new filters into the process of 
computational selection.8 

Virtual screening can be done using either the 
ligand-based or the receptor-based approach. Ligand 
based-methods can be realized as the search for 
previously defined pharmacophore, the similarity-
based search or as quantitative structure-activity 
relationship (QSAR) studies.8–10 The receptor-based 
approach needs the 3D structure of the protein to be 
resolved. Then, a docking experiment can be 
performed.11 Traditionally, the faster ligand-based 
approach was used to pre-filter large libraries, even 
when the receptor structure was known. However, 
the ligand-based approach from its own principle 
cannot reveal new potential leads structurally too 
diverse from the known ligands. With the dramatic 
increase in computational capacity nowadays and 
with the increasing amount of resolved receptor 
structures, the receptor-based approach begins to be 
used more frequently even for larger libraries of 
compounds. 

One of the most serious problems in docking 
experiment is the estimation of the ligand-receptor 
binding free energy. Several scoring functions 
have been developed to overcome this problem.12 
Nevertheless, current docking software is in 
general able to predict the correct pose, but still not 
very efficient for predicting binding free energy.13 
Since the predicted affinity is the main criterion for 

the selection of the most promising compounds, 
the free energy scoring function creates the 
bottleneck in the receptor-based approach. 

In this work, a computer-aided receptor-based 
virtual screening of 12,035 chemical compounds, 
namely the 103_p1.0 and 109_p1.0 tranches of 
freely available ZINC database,14 was performed 
using AutoDock Vina15 in order to find potential 
new lead(s) inhibiting tubulin assembly via 
interaction with colchicine domain. 

RESULTS AND DISCUSSION 

The process of virtual search for new leads 
began by the selection of library for screening from 
ZINC database. At the beginning, the docking 
procedure was validated. The optimization of 
docking parameters was followed by less 
exhaustive screening of whole library. Then, the 
top 50 hits were submitted to a highly exhaustive 
docking, repeated structural features were searched 
among the best hits and molecular insights into 
their binding modes were analyzed. The 
druglikeness of the new lead structure was 
considered. The sequence of the steps involved is 
represented in Scheme 1. 

1. Selection of ligands 

The first step in this work has been the 
optimization of docking method, which shall be 
rational compromise between the time and 
hardware demands on one side and the credibility 
of obtained models on the other side. For this 
purpose, tranches 103_p1.0 and 109_p1.0 of ZINC 
database were selected. ZINC subsets are broken 
into tranches for easier download. The library 
103_p1.0 is the smaller of the two tranches of ZBC 
Drugs (ZINC Biogenic Drug-like Compounds) 
subset, and the library 109_p1.0 is the smaller of 
the two tranches of ZND (ZINC Natural 
Derivatives) subset. These two tranches were 
selected as first to be screened mostly from 
technical reasons. To optimize the methodology 
for further applications, a library large enough to 
represent the behavior of the in silico HTS system 
was needed. The time consumption and the 
reproducibility of the top results were the most 
important variables to adjust. On the other hand, 
the library could not be as large as general ZINC 
subsets (hundreds of thousands molecules), since 
the optimization procedure itself would reached 
infinity. The two selected tranches, after removing 
of duplicates, provided a suitable sized library of 
12,035 structures. No further optimization of 
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ligands geometry was necessary, since the ZINC 
database provides already minimized 3D 
coordinates of molecules. Also, AutoDock Vina in 
its default settings automatically recognizes 
rotatable bonds and treats ligands as flexible.15 

 

 
Scheme 1 – The step sequence in virtual screening. 

2. Selection of receptor 

The X-ray structure with PDB code 1SA116 has 
been selected among available cocrystals of tubulin 
and CSLs. This structure is α,β-tubulin: 
podophyllotoxin (1) cocrystal. The other X-ray 
structure, α,β-tubulin:colchicine (2) cocrystal with 
PDB code 1SA0,16 is highly similar to the 1SA1 with 
RMSD difference of only 0.6 Å.2 Thus, there was no 
logical motivation to duplicate the screening for each 
of these two target structures. A third CSL cocrystal, 
α,β-tubulin:BAL27862 with PDB code 4O2A,17 has 
been published recently. However, when the 
traditional ligands 1 and 2 (Chart 1) were docked into 

the colchicine site of 4O2A X-ray structure, the 
obtained binding free energies were poor due to the 
steric clashes and proved the X-ray structure to be 
unsuitable for further use in HTS (data not shown). 

The dimensions of colchicine binding site have 
been already described to be ~10 Å × ~10 Å × 4–5 
Å by Nguyen et al.2 Unfortunately, the virtual 
screening of the selected library into such small 
cubes did not provide many reasonable hits. For 
example, when the cube of 12 Å × 30 Å × 30 Å 
was used, the binding free energy of the best ligand 
reached the value of -10.7 kcal/mol, and the 
affinity was rapidly decreasing within the top 10 
results, suggesting that not many structures are 
able to fit the cube without steric clashes. Since 
AutoDock Vina scoring function considers the 
summation of intermolecular and intramolecular 
contributions,15 the unsuitable conformation of any 
part of the ligand influences the final binding free 
energy. When the docking cube was increased to 
the dimensions of 30 Å × 30 Å × 30 Å, new 
structures with better affinity appeared in the top 
results. Binding free energies of the best two hits 
were -12.1 and -12.0 kcal/mol, respectively. This 
corresponds to Ki of units of nM. All the top  
50 results had reasonable affinities with the  
50th ligand having the binding free energy value of 
-11.0 kcal/mol. To evaluate quality of the model, 
ligand 1 extracted from the cocrystal was re-
docked into the 1SA1 protein structure. The 
RMSD between the original and predicted pose 
was established to be only 0.5 Å. Generally, the 
RMSD of 2 Å and smaller is considered as the 
correct docking position, because of the resolution 
in an X-ray crystal structure analysis is often 2 Å 
or worse, and the higher precision than the 
resolution of the analysis is meaningless.18 

3. Optimization  
of Docking Parameters and Settings 

With increasing of docking cube, the 
probability of finding the real minima may 
decrease. Larger binding sites generate a greater 
dispersion in the docking scores and poses. In 
virtual screening, it is not preferable to repeat 
calculations for the same ligand. The docking 
program shall not generate a large score dispersion 
in the same docking runs.18 In AutoDock Vina, the 
docking calculation consists of a number of runs 
starting from random conformations (seeds). Each 
of these runs consists of a number of sequential 
steps. Each step involves a random perturbation of 
the conformation followed by a local optimization 
and a selection in which the step is either accepted 
or not. The number of evaluations in a local 
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optimization is guided by convergence and other 
criteria. The number of steps in a run is determined 
heuristically, depending on the size and flexibility 
of the ligand and the flexible side chains. However, 
the number of runs is set by the exhaustiveness 
parameter.19 Default exhaustiveness value is 8. It is 
recommended by authors of AutoDock Vina to 
increase the exhaustiveness when the total volume 
of docking cube infringes 27,000 Å3. The increasing 
of the exhaustiveness shall exponentially decrease 
the probability of not finding the minimum.19 As 
more CPU cores are used with increased 
exhaustiveness and may not be used at low levels, 
the influence on computation time depends on the 
hardware capabilities of parallelism. Since the 
docking space volume used in this study reached 
the 27,000 Å3, a determination of the minimal 
sufficient exhaustiveness was performed and the 
dispersion of binding free energies in the top 50 
results was analyzed by comparison of results of 
the duplicate runs with the same level of 
exhaustiveness as well as by monitoring the 
influence of increased exhaustiveness on the 
binding free energies. Thus, full library was 
screened twice at each level of exhaustiveness, 
which has been gradually increased by 
multiplication by two from 8 to 16, 32 and 64, 
respectively. Since AutoDock Vina provides 
results in kcal/mol accurate to one decimal place, it 
was logical that many from the 12,035 structures 
had to have the same or similar predicted binding 
free energy. Thus, relatively small fluctuation in 
binding free energy (such as 0.1 kcal/mol) caused 
that the ligands appeared among the top 50 results 
in first run, while being over cut-off in second run, 
and vice versa. When the default exhaustiveness 
value of 8 was applied, 82% of structures among 
the best 50 results were the same in duplicate runs. 
With increasing of exhaustiveness, the percentage 
of the same structures among the top 50 results in 
each duplicate was increasing as well. For the 
exhaustiveness value of 16, 92% of the top  
50 results were the same, for the value of 32 94%, 
and for the value of 64 96%, respectively. The 
structures which appeared among the top 50 results 
in duplicate runs were compared with those 
predicted at other exhaustiveness values. The 
higher the exhaustiveness of the two compared 
runs, the more similarity in the top 50 results 
appeared (Scheme 2). For example, there were 
76% of the same structures among the top  
50 results when compared runs at exhaustiveness 
values of 8 and 16, while there were 88% of the 
same structures among the top 50 results when 
runs at exhaustiveness values of 32 and  
64 compared. The set of the best 50 structures was 

changing slightly with increasing exhaustiveness 
also. With increasing of difference between the 
two exhaustiveness values the similarity was 
decreasing (Scheme 2). It shall be mentioned, that 
in none of the duplicates was the sequence of top 
ligands exactly the same, and achieving no 
dispersion from thousands of ligands is of course 
still a science-fiction. The best binding free energy 
was in all cases -12.1 kcal/mol, and it belonged 
always to the same ligand. In the 50th position 
multiple ligands were alternating and the binding free 
energy values were either -11.0 or -11.1 kcal/mol, 
respectively. These binding free energies were all 
considered reasonable, since the binding free 
energy of original 1SA1 ligand 1, which was re-
docked with excellent RMSD, reached the value of 
-8.9 kcal/mol.  

The top 50 results from the highest 
exhaustiveness run were selected for next 
procedure. Since no dispersion plateau has been 
reached in previous runs and the reproducibility of 
results continued to increase with increasing of the 
exhaustiveness values, the top 50 results were 
submitted to next docking experiments while 
increasing the exhaustiveness value again. 
However, further exhaustiveness increasing did not 
bring any improvement of results dispersion. The 
used exhaustiveness values were 128 and 256, 
respectively. Then, three experiments at extreme 
values of exhaustiveness were performed. These 
values were 1,024, 4,000 and 8,000. All runs were 
performed as duplicates again. In all cases, the top 
ligand was docked with the binding free energy 
value of -12.1 kcal/mol, except one fluctuation at 
the exhaustiveness value of 1024 where another 
ligand with the binding free energy value of -12.0 
kcal/mol appeared in the 1st position. In the 50th 
position, the binding free energy values were either 
-11.0 or -11.1 kcal/mol and no pattern of 
improvement with the increasing exhaustiveness 
was recognized. The general sequence of the 
ligands was fluctuating also when comparing 
duplicate runs with same exhaustiveness value as 
well as when trying to find any trend with 
increasing exhaustiveness. For example, the first 
difference in the sequence of hits in duplicate runs 
at exhaustiveness of 128 appeared in the 15th 
position, while it was 5th position at exhaustiveness 
of 256, 2nd position at exhaustiveness of 1,024, 8th 
position at exhaustiveness of 4,000 and 7th position 
at exhaustiveness of 8,000. Concluded, the 
minimal value of exhaustiveness for the particular 
model used in this study lies between 64 and 128. 
Further exhaustiveness increasing did not provide 
any decrease in dispersion among the results. 
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Scheme 2 – The dependency of results dispersion on the value of exhaustiveness. First row of rectangles shows the increasing 
percentage of the same structures in the top 50 results of duplicate runs with increasing of exhaustiveness value (8, 16, 32 and 64). 
The rest of the scheme shows the percentage of the same structures in the results of two runs at two different values of 
exhaustiveness. (A) The percentage of the same ligands in the top 50 results of two runs at two different values of exhaustiveness is 
decreasing together with increasing of the difference between the two values of exhaustiveness. (B) The percentage of the same 
ligands in the top 50 results of two runs at two different values of exhaustiveness is increasing with increasing of the values of 
exhaustiveness. These trends show that the set of the top results is changing with increasing of exhaustiveness value and the changing 
        slows till it reaches the maximal similarity and no improvement can be achieved with further increasing of exhaustiveness. 
 

4. Binding Modes 

After the docking procedure, all top 50 results 
were inspected visually. Many ligands, when 
downloaded as the whole mol2 subsets, had 
different stereochemistry than the stereochemistry 
described on the web page (when downloaded as 
individual mol2 files, the stereochemistry 
corresponds with the declared one). Thus, the 
(3S,3a'R,6a'S)-5'-benzyl-2',3',3a',6a'-tetrahydro-4'H- 
spiro[indoline-3,1'-pyrrolo[3,4-c]pyrrole]-2,4',6'(5'H)- 
trione (3) appeared in data set in several cases 
instead of the original (3S,3a'S,6a'R)-5'-benzyl-
2',3',3a',6a'-tetrahydro-4'H-spiro[indoline-3,1'-pyr-
rolo[3,4-c]pyrrole]-2,4',6'(5'H)-trione (4), which 
fitted the colchicine domain with significantly 
lower affinity and did not appear in the top  
50 results except one case. 7 representatives with 
the best binding free energies were selected (Chart 
1) from the structures bearing the basal moiety 3 
and their binding modes were described and 
depicted in this paper. All the other derivatives of 
the basal moiety 3 were highly similar. 

The structure basis 3 appeared in 28 cases of 
the top 50 results. Also, in one case naphtalen-1-yl 
and in one case phenyl appeared instead of benzyl 
at the 5'-position. The phenyl-substituted ligand 
had also opposite (R) absolute configuration at the 
spiro-carbon. In another case opposite configura-

tion appeared at the spiro-carbon and at both 
bridge carbons in the tetrahydropyrrolopyrrole-
dione skeleton. Both the different enantiomers 
were almost of the lowest affinity among the top 
50 results. 

The two aromatic systems, namely the benzyl 
(naphtalen-1-yl, phenyl) and the indolin-2-one 
moiety, created two orthogonal planes, one buried 
in the hydrophobic pocket of β-tubulin and the 
other positioned at the interface of α- and β-subunit 
(Figure 1). 

The main skeleton was further substituted at the 
aromatic rings and at the 3'-position. The 
substitution at the 3'-position provided 4th chiral 
centrum, which was proved to be crucial for final 
ligand position in the receptor pocket. Among the 
top 50 results, only two similar types of 3'-
substitutions appeared. It was either acetamide or 
propanamide, in one case methyl (ligand 5) and in 
one case 1-hydroxyethyl. When the absolute 
configuration at the 3'-carbon of the main skeleton 
was S, the phenyl group was docked inside the 
hydrophobic pocket of β-tubulin, while the indolin-
2-one moiety was placed between the two subunits. 
When the absolute configuration at the 3'-carbon of 
the main skeleton was R, the situation was exactly 
the opposite (Figures 1A–G). Interestingly, there 
were also no other predicted positions against this 
trend energetically close to the best binding mode 
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for each of the ligands except of three cases. In two 
cases, the situation was opposite. These exceptions 
appeared when the 3'-carbon was substituted with 
methyl (ligand 5) or 1-hydroxyethyl. This 
confirmed the role of acetamide and propanamide 
side chains in interaction with the colchicine 
domain. When the 3'-carbon in S-configuration 
was substituted with the propanamide (as in 
ligands 6 and 11), an H-bond was formed between 
the amide proton and the carbonyl of Valβ315 
(Figures 1B and 1G). When the absolute configura-
tion of 3'-carbon was R (as in ligands 7 and 8), the 
propanamide formed one intramolecular bond 
between the propanamide carbonyl and the 
pyrrolidine proton, while the amide proton of 
propanamide interacted with the backbone 
carbonyl of Asnβ258 (Figures 1C and 1D). The 
most convenient conditions for formation of  
H-bonds between ligand and receptor appeared 
when the 3'-carbon in S-configuration was 
substituted with acetamide (ligand 10). This 
arrangement enabled the formation of four 
intermolecular H-bonds. The H-bond formed 
between the carbonyl of acetamide and the amino 
group of Lysβ352, between amide proton of 
acetamide and sulfur in Metβ259 and two bonds 
formed between the amide proton in acetamide and 
the two carbonyls of Asnβ258 (Figure 1F). The last 
case, 3'-carbon in R-configuration substituted with 
acetamide (ligand 9), enabled formation of H-bond 
between amide proton of acetamide and the 
backbone carbonyl of Asnβ258 and between 
acetamide carbonyl and amide proton in Lysβ352 
(Figure 1E). 

Whereas the formation of H-bond determined 
the final orientation of the two aromatic planes in 
the receptor pocket, it was the hydrophobic 
interaction which enabled the binding to the 
receptor. First, ligands with only one H-bond were 
often docked with better energies then ligands with 
six H-bonds, see compound 5 versus compound 10 
(Figures 1A and 1F). The compound 5 is the only 
ligand bearing naphthalene-1-yl instead of benzyl 
and methyl instead of acetamide or propanamide, 
which prevents it from H-bond formation. 
However, this structure is the best docked ligand 
among structures of the discussed type, probably 
due to the stronger hydrophobic interactions of the 
protein with the naphthalene system when 
compared to interactions with benzene ring present 
in the rest of ligands. Figures 2A–G show all 
interactions between the 7 selected ligands and the 
amino acid residues of the receptor pocket. 

The hydrophobic interactions involved the π-
alkyl, the π-σ, the π-sulfur and the alkyl-alkyl 
interactions. Hydrophobic interactions appeared 
also between the receptor and the alkyl substituents 
when the benzene core was alkylated. The residues 
involved in hydrophobic interactions were 
(alphabetically) Alaβ250, Alaβ316, Cysβ241, 
Ileβ378, Leuβ242, Leuβ248, Leuβ255, Lysβ352, 
Thrα179 and Valβ318, respectively. The particular 
interactions for each of the 7 representative ligands 
are depicted in Figures 2A–G. 

None of the tetrahydropyrrolo[3,4-c]pyrrole-
1,3-dione (THPPD) carbons are involved in 
hydrophobic interaction with receptor. In several 
cases the THPPD amine proton(s) form H-bond(s) 
with Thrα179. In the case of ligand 5 the THPPD 
carbonyl forms H-bond with Asnβ258. The pKa of 
THPPD conjugated acid (ammonium) was 
predicted to be 9.0 according to ACE and JChem 
acidity and basicity calculator.20 The protonated 
versions are used in all graphical representations to 
show all possible interactions. Nevertheless, the 
central THPPD part of the structure does not 
influence the binding significantly via direct 
interacting with the receptor, but it provides a rigid 
scaffold which enables the right positioning of the 
two aromatic systems. Thus, the THPPD skeleton 
may be further modified. For example, the 
predicted binding mode of ligand 9 revealed a 
repulsive interaction between one of the two 
THPPD carbonyls and the backbone carbonyl of 
Thrα179. Thus, modification or substitution of the 
THPPD part may improve the binding of certain 
3'R-ligands (Figure 2E). 

The two aromatic centers provide even broader 
space for modifications. For example, the 
trimethoxyphenyl moiety (TMP), being buried in the 
hydrophobic pocket of β-subunit, is a typical part of 
the pharmacophore for many CSLs. The molecules 
bearing this feature are strong inhibitors of 
microtubule assembly. It is highly probable that such 
substitution of the aromatic system would lead to 
improved activity. Further, the second aromatic 
system may be substituted in order to form 
interactions with α-subunit. These interactions were 
limited to Thrα179 in all cases described in this 
study. Regrettably, since the particular enantiomers 
were in fact not those described in ZINC database, 
they are neither commercially available. Even when 
the stereochemistry matched, it did not match with 
the stereochemistry of the supplier. The binding 
modes and in vitro activity of the available 
counterparts will be described in another paper. 



 Binding free energies 1017 

 

 
 
 

 

Chart 1. Colchicine site ligands and their predicted binding free energies. Well described inhibitors of tubulin assembly 
podophyllotoxin (1) and colchicine (2), the new potential lead structure (3) with numbered carbon 3', the opposite enantiomer (4) 
published originally in ZINC database (in many but not all cases), and selected representatives of the best hits bearing the lead 
                                                                                    structure (5–11) are depicted. 
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Fig. 1 – The α,β-tubulin heterodimer with superposition of selected ligands 5–11. The protein is rendered in line ribbons. Chain A  
(α-subunit) is colored light green, chain B (β-subunit) is colored cyan. Ligands 5–11 are rendered in sticks. Carbons of  
3'R-enantiomers and ligand 5 are colored magenta, carbons of 3'S-enantiomers are colored orange (except ligand 5). The orientation 
of the two aromatic systems is driven by the absolute configuration at the 3'-carbon and is opposite for R- and S- enantiomers. In the 
S-enantiomers, the phenyl group is buried in the hydrophobic pocket of β-tubulin, while the indolin-2-one moiety is placed between 
the two subunits. The R-enantiomers are docked in opposite orientation. Both positions create two almost orthogonal planes, which 
are represented as transparent blue quadrangles. (A–G) Binding model of 5–11 and their position in the hydrophobic pocket of  
β-subunit. The backbone is rendered in solid ribbon, chain A (α-subunit) is colored light green, chain B (β-subunit) is colored cyan. 
Amino acid residues creating the inner surface of colchicine domain are rendered in sticks. Ligand is rendered in double sized sticks. 
Nitrogens are colored blue, oxygens red, sulfurs yellow and hydrogens white. Only polar hydrogens are shown. Carbon atoms of 
ligand are colored magenta (3'R-enantiomers and ligand 5) or orange (3'S-enantiomers except of ligand 5), carbon atoms of amino 
acid residues are grey. The indolin-2-one moiety is buried either in the hydrophobic pocket of β-subunit (magenta colored ligands) or 
is localized between the two subunits of receptor (orange colored ligands). Left: H-bonds are depicted as green dashed line. Right: 
                       Hydrophobic area is depicted in shades of brown, hydrophilic surfaces are colored blue. 

 

A 

B C 

D E 
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Fig. 2 – Interactions of ligands 5–11 (A–G) with the colchicine domain. Amino acid residues involved in interactions with ligand are 
rendered in sticks. Ligands are rendered in double sized sticks. Carbons are colored grey, nitrogens blue, oxygens red, sulfurs yellow, 
chlorines green and hydrogens white. Only polar hydrogens are shown. H-bonds are depicted as green dashed line, hydrophobic 
interactions as dashed line in shades of violet (π-σ in dark violet, π-alkyl and alkyl-alkyl in pink), π-sulfur interactions as yellow 
                                                                  dashed line, unfavorable interactions as red dashed line. 
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CALCULATION METHODS 

1. General 

All the calculations were conducted on a dual 
core 3.33 GHz Intel® Xeon® X5680 CPUs with 
12 threads enabled for each core, thus together 
simulating 24 cores, operating under the Xubuntu 
12.04.5 LTS OS (64 bit version). The AutoDock 
Vina software was used to perform all docking 
experiments. AutoDock Vina requires pdbqt files 
as inputs. 

2. Preparation of Receptor Structure 

The X-ray structure of α,β-tubulin: podophyllo-
toxin cocrystal with PDB code 1SA1 was used in this 
study. The chains C, D and E and ligands were 
deleted in Accelrys Discovery studio 4.1 Visualizer21 
and the basic unit, one α,β-heterodimer (chains A and 
B), with GTP and GDP was saved. The basic unit 
was opened in AutoDockTools,22 the polar hydrogens 
required for the pdbqt file were added and the 
structure was exported as pdbqt file. The suitable 
center and dimensions of docking cube were visually 
inspected using Pymol23 with AutoDock Vina 
plugin.24 The center of docking cube had the 
following coordinates: x = 116.43; y = 89.11;  
z = 6.04. The dimensions of the docking space were 
after several trials set to final value of 30 Å × 30 Å × 
30 Å. The number of saved binding modes was left at 
default value of 9. The exhaustiveness parameter was 
optimized as described in the chapter Results and 
Discussion (several values were used depending on 
the stage of screening process). 

3. Preparation of Ligands 

The ligands were downloaded as mol2 files with 
employment of a script provided by ZINC database 
and were converted to pdbqt files using Raccoon 
software.25 The script (vina_screen_local.sh)19 for 
submission of screening jobs to AutoDock Vina, 
provided online by the author of AutoDock Vina, 
was modified in order to accept ligands with names 
starting by word ZINC. 

4. Evaluation of Model 

The model was evaluated via re-docking of 
original ligand into its crystallographic structure. 
The exhaustiveness was increased until stable 

dispersion of the binding free energies was 
achieved in the top 50 results and further 
increasing of the exhaustiveness did not bring any 
improvement of the dispersion of the results. 

5. Evaluation of Results 

The python script provided online by Trott22 
was used to get the particular number of interest of 
the best results (50 in this study). Bash script was 
written by the author of this paper to extract the 
binding free energy of the best binding mode for 
each ligand of interest. After the docking 
experiment, the binding modes were inspected 
visually using Pymol and Accelrys Discovery 
studio 4.1 Visualizer. The Accelrys Discovery 
studio 4.1 Visualizer was also used for the creation 
of all figures representing the binding modes. 

CONCLUSION 

AutoDock Vina parameters and settings have 
been optimized to create biochemically reasonable 
model for virtual HTS for new inhibitors of tubulin 
assembly. The optimal value of the exhaustiveness 
parameter was determined to lie between 64 and 
128 for the particular model and shall be applied in 
further HTS dockings of ZINC libraries. In this 
study, a library of 12,035 compounds has been 
docked into the colchicine domain of tubulin. More 
than half of the top 50 ligands share the same 
structural feature (3S,3a'R,6a'S)-5'-benzyl-2',3',3a',6a'- 
tetrahydro-4'H-spiro[indoline-3,1'-pyrrolo[3,4-
c]pyrrole]-2,4',6'(5'H)-trione (3). Suitable substi-
tution at the 3'-carbon and at the aromatic systems 
enabled further interactions with the residues in the 
receptor pocket. The central tetrahydropyrrolo[3,4-
c]pyrrole-1,3-dione keeps the two aromatic planes 
in rigid perpendicular position which fits into the 
colchicine binding site. Since the lead structure 
does not violate the Lipinski’s Rule of Five 
(predicted logPs are available in ZINC database), it 
shall be considered as pharmaceutically relevant 
lead. 

 
Abbreviations: ADME, administration, distribution, 

metabolism, excretion; CPU, central processing unit; CSL(s), 
colchicine site ligand(s); HTS, high-throughput screening; 
NCI, National Cancer Institute; OS, operating system; PDB, 
Protein Data Bank; QSAR, qualitative structure-activity 
relationship; RMSD, root-mean-square-deviation; THPPD, 
tetrahydropyrrolo[3,4-c]pyrrole-1,3-dione; TMP, trimethoxy-
phenyl moiety. 
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