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cleaves during the double-stranded DNA passage reaction. The 3D structure of human TP [l was modeled
by homology modeling. A virtual library consisting of 143 epipodophyllotoxin derivatives has been devel-
oped. Their molecular interactions and binding affinities with modeled human TP Il have been studied
using the docking and Bimolecular Association with Energetics (eMBrAcE) developed by Schrédinger.
H . Structure activity relationship models were developed between the experimental activity expressed in
uman topoisomerase llo .

Epipodophyllotoxin terms of percentage of intracellular covalent TP II-DNA complexes (log PCPDCF) of these compounds
Docking and molecular descriptors like docking score and free energy of binding. For both the cases the r? was
eMBrAcE in the range of 0.624-0.800 indicating good data fit and r2, was in the range of 0.606-774 indicating
that the predictive capabilities of the models were acceptable. Low levels of root mean square error for
the majority of inhibitors establish the docking and eMBrAcE based prediction model as an efficient tool
for generating more potent and specific inhibitors of human TP Ila by testing rationally designed lead
compounds based on epipodophyllotoxin derivatization.
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1. Introduction mutations, permanent double-stranded DNA breaks, illegitimate
recombination, and apoptosis [6,7]. The cytotoxic potential of TP

Human DNA topoisomerase II (TP II) is a ubiquitous nuclear II has been exploited clinically by the development of anticancer
enzyme involved in the control of DNA topology [1-4]. During drugs that generate high levels of covalent enzyme-DNA cleavage
the catalytic cycle, the enzyme transiently cleaves dsDNA, passes complexes [7]. A number of drugs, such as etoposide (VP16), teni-
an intact double helix through the break and reseals it. Due to poside (VM26) increase TP [I-mediated DNA breakage primarily by

the requirement for such a DNA strand passage activity in a inhibiting the ability of the enzyme to religate cleaved nucleic acid
number of critical nuclear processes, including replication, recom- molecules [8-12]. As aresult, they dramatically increase levels of TP
bination, and chromosome segregation, TP II is essential for the [I-DNA cleavage complexes (DNA/TP II/drug ternary complex). The
survival of proliferating eukaryotic cells [5]. Vertebrates contain resulting DNA strand breaks initiate multiple recombination/repair
two isoforms of the enzyme, TP lla and 3 [1]. Topoisomerase Ilo pathways and can trigger cell death pathways [13,14].

(TP Ilav) levels increase during cell proliferation and this enzyme Despite the wide use of TP Il-targeted drugs as antitumour
appears to be the isoform involved in mitosis [2]. To maintain agents, several limitations hamper their benefits. Efforts for
DNA integrity during the strand passage event, the enzyme, a  improving their clinical efficacy further by overcoming the drug
homodimer, forms a covalent phosphotyrosyl adduct between the resistance, myelosuppresion and poor bioavailability problems[15]
catalytic Tyr8%4 of each monomer and a strand of the duplex. This  associated with them, were continued to be challenging. Over the
covalent enzyme-cleaved DNA complex is referred to as the cleav-  yearsa number of laboratories throughout the world engaged in the
age complex [1-4]. Because the covalent TP II-cleaved DNA complex synthesis and testing of epipodophyllotoxin derivatives [16-27] to
(referred to as the cleavage complex) is normally a short-lived inter- prepare new more potent and less toxic analogues, that is, with
mediate in the catalytic cycle of the enzyme, it is tolerated by  better therapeutic indices. The mechanism of action of any drug
the cell. However, when present in high concentrations, cleav- is very important in drug development. Generally, the drug com-

age complexes become potentially toxic, promoting frameshift ~ pound binds with a specific target, a receptor, to mediate its effects.
Therefore, suitable drug-receptor interactions are required for high

activity. Understanding the nature of these interactions is very
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understanding. The docking results obtained will give information
on how the chemical structure of the drug should be modified
to achieve suitable interactions and for the rapid prediction and
virtual prescreening of anti-tumour activity.

The amino acid sequence of human TP Ila is known but the
complete three-dimensional structure is not available. This pro-
tein comprises of 1531 amino acids. Only part of the human TP-Ila
structure (called as ATPase domain) has been available (pdb id:
1ZXN and 1ZXM) covering amino acids from 29 to 426. However,
the crystal structure of other part of the human TP Il has not been
available. This fragment (covering 430-1214) of human TP Il con-
sists of drug binding site which is proved to be the binding site for
epipodophyllotoxin analogues [28,2]. In this study, therefore we
have constructed the 3D structure of TP Ila-drug binding domain
by homology modeling and taken for interaction study between
epipodophyllotoxin analogues and TP Ila. Of utmost importance in
a structure-based drug design is the reliable filtering of putative
hits in terms of their predicted binding affinity (scoring problem)
which is based on the in silico-generated near native protein-ligand
configurations (docking problem). Most of scoring functions used
in docking programs are designed to predict binding affinity by
evaluating the interaction between a compound and a receptor.
However, it should be noted that ligand receptor recognition pro-
cess is determined not only by enthalpic effects but also by entropic
effects. Moreover, the scoring functions have a simplified form for
the energy function to facilitate high throughput evaluation of a
large number of compounds in a single docking run. These func-
tions may be problematic when used with contemporary docking
programs, and can result in a decrease of virtual screening accu-
racy. To overcome this problem, more precise but time consuming
computational methodologies are necessary. Here, we have used
and evaluated both docking and molecular mechanics based energy
minimization of docking complex for computational modeling of
epipodophyllotoxin and its derivatives as potent inhibitor of TP Ilcx.

2. Computational methods
2.1. Sequence analysis

The protein sequence of human TP Il was obtained from the
protein NCBI database. Sequence similarity search with BLAST in
Protein Data Bank (pdb) database gives only one similar protein
(33.6% identical), topoisomerase Il (pdb ID: 1BJT) from yeast match-
ing with the drug binding domain of human TP Ila. This structure
is determined at 2.50 A resolution [29]. We performed the pair-
wise alignment of human TP Ila with IBJT as template using the
homology module of PRIME [30]. We removed the mismatched
sequence part (1-420) from the whole sequence of human TP Ila
and then constructed the three-dimensional structure of human TP
Ilae. The sequence alignment after removing the part of mismatched
sequence is shown in Fig. 1.

2.2. Homology model construction

The homology model of the human TP Ila was built using Prime
[30] accessible through the Maestro interface (Schrodinger, Inc.).
All water molecules were removed. During the homology model
building, Prime keeps the backbone rigid for the cases in which
the backbone does not need to be reconstructed due to gaps in
the alignment. The model was screened for unfavorable steric con-
tacts and remodeled using a rotamer library database of PRIME.
Explicit hydrogens were added to the protein and the protein
model subjected to energy minimization using the Macromodel
(Prime version 1.5) force-field OPLS-2005. Energy minimization
and relaxation of the loop regions was performed using 300 iter-
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Fig. 1. Alignment of human TP Ila sequence with template (pdb ID: 1BJT).

ations in a simple minimization method. The steepest descent
energy minimization was carried out until the energy showed sta-
bility in the sequential repetition. Model evaluation was performed
in PROCHECK v3.4.4 [31] producing plots that were analyzed for the
overall and residue-by-residue geometry. Ramachandran plot [32]
provided by the program PROCHECK assured very good confidence
for the predicted protein. There were only 0.2% residues in the dis-
allowed region and 0.8% residues in generously allowed regions.
Nevertheless, PROCHECK assured the reliability of the structure and
the protein was subjected to VERIFY3D [33], available from NIH MBI
Laboratory Servers.

2.3. Ligand binding site prediction

Several works [34,4,35] revealed that the epipodophyllotoxin
drug, etoposide target the catalytic core domain of human TP
llae at the DNA cleavage-ligation site (drug binding site). Further
in vitro drug binding assay revealed two binding sites for etopo-
side on human TP Ila.. One is the lower affinity site in the ATPase
domain (266 amino acid; N-terminal fragment), while the second
one (430-1214 amino acids) binds with higher affinity [28]. Out of
the amino acid residues in this catalytic site of TP Il site directed
mutagenesis study has revealed that Tyr3%4 is the critical residue
involved in the binding of etoposide with TP Il [2]. In silico predic-
tion of binding site was done for the modeled structure of human TP
[l using SiteMap (Schrodinger package). SiteMap treat entire pro-
teins to locate binding sites whose size, functionality, and extent
of solvent exposure meet user specifications. SiteScore, the scor-
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ing function used to assess a site’s propensity for ligand binding,
accurately ranks possible binding sites to eliminate those not likely
to be pharmaceutically relevant. It identifies potential ligand bind-
ing sites by linking together “site points” that are suitably close
to the protein surface and sufficiently well sheltered from the sol-
vent. Given that similar terms dominate the site scoring function,
this approach ensures that the search focuses on regions of the pro-
tein most likely to produce tight protein-ligand or protein-protein
binding. Subsites are merged into larger sites when they are suf-
ficiently close and could be bridged in solvent-exposed regions by
ligand atoms. SiteMap evaluates sites using a series of properties.
The binding site with highest site score was taken for docking of the
epipodophytllotoxin analogues. The algorithm proceeds as follows:
the protein is projected onto a 3D grid with a step size of 1.0 A; grid
points are labeled as protein surface, or solvent using certain rules.
A grid point is marked as protein if there is at least one atom within
1.6 A. After the solvent excluded surface is calculated the surface
vertices’ coordinates are stored. A sequence of grid points, which
starts and ends with surface grid points and which has solvent grid
points in between, is called a surface-solvent-surface event. If the
number of surface-solvent-surface events of a solvent grid exceeds
aminimal threshold of 6, then this grid is marked as pocket. Finally,
all pocket grid points are clustered according to their spatial prox-
imity. The clusters are ranked by the number of grid points in the
cluster. The top three clusters are retained and their centers of mass
are used to represent the predicted pocket sites. The binding pocket
obtained by in silico studies on human TP Ila was consistent with
the site directed mutagenesis studies.

2.4. Preparation of the ligands

A total of 143 epipodophyllotoxin analogues (Tables 1 and 2 )
were used in the study, which were collected from different pub-
lished articles [16-27]. These compounds were tested for their
ability to form intracellular covalent topoisomerase II-DNA com-
plexes. The assay procedures have been described earlier [16].
The activity data are originally expressed as the percentage of
cellular protein—-DNA complex formed (PCPDCF) and were trans-
formed by taking the logarithm of PCPDCFi.e., logo(PCPDCF). These
transformed activities were used in the development of prediction
model. To generate statistically robust and most importantly, vali-
dated models, all compounds in the original data set were divided
randomly into 110 molecules in training set and 33 molecules in
test set.

All these epipodophyllotoxin analogues were built from the
various scaffold structure (Fig. 2) and substitution of functional
groups as mentioned in Tables 1 and 2. We used Maestro-molecular
builder for building the scaffold and structural derivatives. Lig-
Prep [36] was used for final preparation of ligands. LigPrep is a
utility of Schrédinger software suit that combines tools for gener-
ating 3D structures from 1D (Smiles) and 2D (SDF) representation,
searching for tatomers and steric isomers and performing a geom-
etry minimization of ligands. The ligands were energy minimized
using Macromodel module of Schrédinger with default parameters
and applying molecular mechanics force fields (MMFFs). Truncated
Newton Conjugate Gradient (TNCG) minimization method was
used with 500 iterations and convergence threshold of 0.05 kJ/mol.

2.5. Docking of the ligands

The Glide program [37] was used for docking study. The Glide
docking algorithm performs a series of hierarchical searches for
locations of possible ligand affinity within the binding site of a
receptor. A rough positioning and scoring algorithm is applied
during the initial search step, followed by torsional energy opti-
mization on an OPLS-AA non-bonded potential energy grid for

enduring candidate poses. The pose conformations of the very
best candidates are further refined by using Monte Carlo sampling.
Selection of the final docked pose is accomplished using a Glide
score, which is a model energy function that combines empiri-
cal and force field based terms. The Glide score is a modified and
extended version of the ChemScore function [38].

All the ligands were docked to the human TP lla receptor using
Glide 4.0. After ensuring that protein and ligands are in correct
form for docking, the receptor-grid files were generated using grid-
receptor generation program by selecting the drug binding site,
using van der Waals scaling of the receptor at 0.4. The default size
was used for the bounding and enclosing boxes. The ligands were
docked initially using the “standard precision” method and further
refined using “xtra precision” Glide algorithm. For the ligand dock-
ing stage, van der Waals scaling of the ligand was set at 0.5. Out of
the 50,000 poses that were sampled, 4000 were taken through min-
imization (conjugate gradients 1000) and the 30 structures having
the lowest energy conformations were further evaluated for the
favorable Glide docking score. A single best conformation for each
ligand was considered for further analysis.

2.6. Molecular mechanics and free energies of binding

After obtaining preferable binding structure from docking simu-
lation, the complex was partially minimized by relaxing ligand and
atoms of side chains that are within 7 A away from the ligand while
all other atoms were fixed. Bimolecular Association with Ener-
getics (eMBrAcE) developed by Schrodinger was used for physics
based rescoring procedure [39]. The eMBrAcE (MacroModel v9.1)
program calculates binding energies between ligands and receptors
using molecular mechanics energy minimization for docked con-
formations. eMBrAcE applies multiple minimizations, during which
each of the specified pre-positioned ligand is minimized with the
receptor. For each ligand, the protein-ligand complex (Ejig_prot ), the
free protein (Eprot), and the free ligand (Ejig) were all subjected to
energy minimization in implicit solvent (generalized Born) [40,41].
It uses traditional molecular mechanics (MM) methods to calcu-
late ligand-receptor interaction energies (Geje, Gyaw, Gsolv), With
a Gaussian smooth dielectric constant function method [42] for
electrostatic part of solvation energy and solvent-accessible sur-
face for the nonpolar part of solvation energy. A conjugate gradient
minimization protocol was used in all minimization. The non-
polar solvent-accessible surface area (SASA) of solvation energy
was calculated using Qikprop program. The percentage cellular
protein-DNA complex formation is calculated using linear opti-
mized multiple regression as follows:

log(PCPDCF) = C + a(AGyaw) + B(AGele) + Y(AGsory) + 6(SASA)

where «, B, y and § are the coefficients for van der Walls, elec-
trostatic, solvation energy terms and SASA, respectively; C is a
constant. The approach is simple, fast and straightforward. It ben-
efits the calculation of relative binding affinity needed to evaluate
the activity of large set of molecules in rational drug design.

The eMBrAcE calculation was performed using the Lig-
and & Structure-Based Descriptors (LSBD) application of the
Schrédinger software package. This calculation was applied to the
ligand-receptor complex structures obtained from Glide docking.

The predictive capabilities of the proposed models were deter-
mined using leave-one-out cross validation method. The cross
validation regression coefficient (g2,) was calculated by the follow-
ing equation:
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Epipodophyllotoxin analogues (training set) with binding affinity expressed in terms of percentage of cellular protein DNA complex formation (PCPDCF) against the human
Topoisomerase [[-DNA binding domain.

Ligand R Structure type Cellular protein-DNA Log(PCPDCF)?
complex formation (%)
1 -OH 1 422 1.625
2 ~NHCH,CH,0CH; 1 110.8 2.044
3 ~NHCH,CH=CH, 1 84.1 1.924
4 ~NHCH,CH(OH)CH3(R) 1 167.2 2223
5 ~NHCH(CH;)CH,O0H(R) 1 161.7 2.208
OH
6 HNO 1 290 2.462
7 H"\‘@ 1 243 2.385
8 H"“OCN 1 211 2324
C,H,0,C
9 HN@ 1 4 0.602
CO,CH,
10 HN@ 1 249 2.396
\
11 H"“OCOzCsz 1 207 2316
CO,CH,
12 HNOOH 1 83 1.919
\
OH
13 HNQCOECHS 1 129 2.110
\
CO,CH,
14 HNQ 1 50 1.699
CO,CH,
OMe
15 HNO 1 104 2.017
CH,OH
16 HNO 1 235 2371
OMe
- HN{}OW | 150 255
™
18 HNO/O 1 164 2214
8
19 HNOO 1 279 2.445
20 H"“Oo@ 1 97 1.986
21 Hl‘\l N [¢] 1 140 2.146
N=—
22 1 97 1.986
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Table 1 (Continued)

P.K. Naik et al. / Journal of Molecular Graphics and Modelling 29 (2010) 546-564

Ligand R Structure type Cellular protein-DNA Log(PCPDCF)?
complex formation (%)
23 HN— ) 1 123 2.090
\ N
NH, HCI
24 HNO 1 140 2.146
\
25 HTONHZ Hel 1 330 2518
HO
26 HNQ 1 11 1.041
NH, HCI
27 ?OF 1 57 1.756
28 O‘OOH 1 34 1.531
29 S‘OOH 1 10 1.000
30 HN/\/"O 1 190 2278
\
2HCI
31 >N 1 183 2.262
32 1 83 1919
HN
\
N/\© 2HCI
33 Q 1 172 2235
"
{7
34 /—/ 1 77 1.886
HN
\
(\o 2HCI
N
35 — 1 140 2.146
"
N\
36 — 1 203 2.307
|
CH, 2HC
No
37 /—/ CH, 1 183 2262
|
/\/\N/CH3
38 HN 1 186 2269

| “CH,
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Table 1 (Continued)
Ligand R Structure type Cellular protein-DNA Log(PCPDCF)?
complex formation (%)
HN/\/\N/CHs 2HCI
39 ~CH 1 179 2.252
| 5
b
/@1 OCH,CH,
40 1 17 1.230
i
i 2HCI
N~ “OCH,CH,
41 1 138 2.139
"
) HTOCOONG 1 69 0.839
O H_COOCH,CH,
COOCH,CH,
43 1 83 1.919
i
HO
44 HN@ 1 151 2.179
\
45 HNOOH 1 211 2324
F
46 HNQ 1 115 2.060
F
¢]
47 HN@ 1 32 1.505
48 HT‘S@ 1 181 3.258
2
49 H"\"EON% 1 216 2334
2
NO,
50 HNSO 1 130 2.114
2
O,N
51 H,l\l_CH:@ 1 144 2.158
2
CN
52 HT_ (H: 1 225 2.352
2
53 HT‘_E‘@C% 1 99 1.995
2
Cl
54 HNEO 1 159 2.201
2
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Table 1 (Continued)
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Ligand R Structure type Cellular protein-DNA Log(PCPDCF)?
complex formation (%)
OMe
55 HNS:Q 1 144 2.158
OMe
HN—C
56 | H, 1 184 2.264
H,N
(0]
57 HN—QF 1 117 2.068
o
58 HTJ—@OOCCHS 1 137 2.136
(e}
59 HN—QCOCW 1 124 2.093
(0]
60 HN—QCN 1 159 2.201
CN
o]
61 H,‘\‘ 1 149 2173
o NH,
62 HNJ_Q 1 149 2173
0
63 (‘)—U—Q 1 94 1.973
NH,
0
64 o‘ | 1 100 2.000
0
65 (‘)L<i%NH2 1 94 1.973
MeO
66 H,‘\‘ <\ > NO, 1 83 1.919
N
HN {
67 ‘ N 1 128 2.107
H
MeO
68 HNQNOz 1 44 0.643
OMe
H,C
69 HNQN@ 1 35 0.544
OMe
H
N
70 HN—K 1 58 1.763
| N
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Table 1 (Continued)
Ligand R Structure type Cellular protein-DNA Log(PCPDCF)?
complex formation (%)
o
(0]
71 QN 5 1 88 1.944
"
NO,
X
72 \ N 1 100 2.000
O,
\ H o :
o
NO
Hr\%@/
73 ‘\ CH, 1 26 1.415
e,
\ H o *
N N
— ~
74 Y CH,CH,CI 1 143 2.155
o]
N R
—
75 T \Q 1 148 2.170
o]
H H
_N_ _N
76 hd cl 1 125 2,097
o
H
_N__CH,
77 Y 1 109 2,037
CH,
H
_—N
78 %CHs 1 73 1.863
CH,
79 Hl‘\l CO,CH, 1 207 2316
HC L O )
80 Cho (‘) 2 6.1 0.785
OH
81 —OH 2 156 1.193
82 H"“ CO,C,Hs 3 22 1342
83 H"“@ 4 4 0.602
84 H"“ NO, 4 99 1.995
85 Hl‘\l CO,C,Hs 4 138 2.139
86 ""‘“ F 4 52 1716
87 H"“ NG, 5 75 1.875
88 HN CO,C,H, 5 127 2.103
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Table 1 (Continued)
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Ligand R Structure type Cellular protein-DNA Log(PCPDCF)?
complex formation (%)
89 H"\‘OCN 5 125 2.097
90 H"\‘OF 5 108 2033
91 HN@NOz 3 23 1.361
92 H"\‘O NO, 6 8 0.903
03 HN~<j>—CozczH5 6 9 0.954
94 HNOCN 6 12 1.079
95 H"“OF 6 8 0.903
96 H"\‘OF 7 117 2.068
97 H"\‘@ 7 105 2,021
98 H"“OOMG 7 96 1.982
OMe
99 HNGOW 7 69 1.839
\
o)
100 HN g 7 119 2.075
\
CO,C,Hg
101 H,‘\l 7 94 1.973
102 HTOCOZCHS 7 175 2243
103 HN@CN 7 146 2.164
104 HN‘@CHzCN 7 109 2.037
NO,
105 Hl‘\l 7 75 1.875
106 HT@ NO, 7 200 2301
NO
RO N
107 - O cH, 8 41 1.612
o
NO
Ho
108 - 8 7 0.845
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Table 1 (Continued)

Ligand R Structure type Cellular protein-DNA Log(PCPDCF)?
complex formation (%)
CH
i
109 - YH\CH3 9 1 0.000
NO
110 —NH, 1 36.4 1.561

a CPDCF, percentage of cellular protein—-DNA complex formation.

where yreq, Yexp and y are the predicted, experimental and mean
values of experimental activity, respectively. Also the accuracy of
the prediction of the developed models were validated by F-value,
r? and r§ di A large F indicates that the model fit is not a chance
occurrence.

3. Results and discussion

The atomic coordinates of human TP Il were not available in
Protein Data Bank, which necessitated developing a protein model.
The final model, which we took for further analysis, consisted of 789
amino acid residues. We used both PROCHECK and the VERIFY3D
softwares to check the quality of the modeled protein. Ramachan-

<J@Q’;

dran plot obtained from the program PROCHECK, which checks the
stereochemical quality of a protein structures, producing a num-
ber of postscript plots, analyzing its overall and residue-by-residue
geometry, assured the reliability of the modeled protein with 91.3%
residues in most allowed region and 7.8% in additional allowed
region. There were only 0.2% residues in disallowed region and
0.8% in generously allowed region. The assessment with VERIFY3D,
which derives a “3D-1D” profile based on the local environment of
eachresidue, described by the statistical preferences for: the area of
the residue that is buried, the fraction of side-chain area that is cov-
ered by polar atoms (oxygen and nitrogen), and the local secondary
structure, also substantiated the reliability of the three dimensional
structure. The residues that deviated from the standard confor-
mational angles of Ramachandran plot were the members of N

R
HO

0 0
Cl
MeO OMe MeO OMe MeO OMe
OH , OH s OMe
1
R R R
HO MeO MeO
T o B T o
HO . '\< MeO :_ '”'6 MeO . ’«
0 : 0 0
MeO OMe he0 OMe MeO OMe
a OH 5 OH 5§ OMe
R R R
0 0 0
SO SO 0y
2 : « 2 : ,,< 0 é Q
£ 0O = @] H 0
MeO E ° CHiE "o~ eH Qe
OH O 2 3
7 8 g

Fig. 2. The various scaffold structures used for building the epipodophyllotoxin analogs.
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Table 2
Epipodophyllotoxin analogues (test set) with binding affinity expressed in terms of percentage of cellular protein DNA complex formation (PCPDCF) against the human
Topoisomerase [[-DNA binding domain.

Ligands R Structure type Cellular protein-DNA Log(PCPDCF)
complex formation (%)
1 ~NHCH,CH,OH 1 1214 2.084
2 _NHCH,CH,CH; 1 69.7 1.843
3 ~NHCH,CH,CH,0H 1 89.2 1.950
4 —” F 1 213 2.328
CN
5 N 1 137 2.136
H
NO,
6 N 1 230 2361
H
7 — NO NO, 1 323 2.509
HO
8 HQ 1 15 1.176
NO,
CF,
9 - HQ 1 21 1322
CF,
—N
10 H 1 121 2.082
F
—N
11 H 1 158 2.198
F
—N
12 H 1 51 1.707
cl
13 *”OG 1 99 1.995
—N
14 H 1 62 1792
Br
15 —HOBF 1 179 2252
16 —H [ 1 64 1.806
F
17 HN—C@ 1 126 2.100
| H,
F
18 HN—C@ 1 216 2334
| H,
19 HN*COF 1 169 2227
| H,
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Table 2 (Continued)

Ligands R Structure type Cellular protein-DNA Log(PCPDCF)
complex formation (%)
20 HT*E—QCN 1 284 2.453
2

HN—C

21 | H, 1 191 2281

NH,

HN

22 | & 1 128 2.107

F
23 HT i < > NO, 1 160 2204
H H

—N N

24 T F 1 118 2.072

(0]

H
N

25 | 3 9 0.954
’ OH

26 N\@ 3 4 0.602
H
N

27 ‘OCN 4 62 1.792
y OH

28 N\@ 4 18 1.255
H
N

29 \\@CN 3 33 1518
H
N

30 \ 7 128 2.107
H
N

31 \\@a 7 77 1.886
H
N

32 \@OH 7 83 1.919
H
N

33 \ \<j%cocH3 7 147 2.167

PCPDCF, percentage of cellular protein-DNA complex formation.

terminal domain of the protein. This was an ignorable condition
since the N-terminal end was not critical in our study. The distance
of these residues to the active site residues also were found to be
more than 10 A, which suggested that those residues would inter-
fere little with the binding of ligands in the drug binding site region
of TP Ilaw. The structural comparison of template protein and human
TP Il model showed significant similarity in overall structure and
binding site residues (Fig. 3). Active site was identified considering
the amino acids which are essential for binding of etoposide with
TP lla from experimental study. The output from the Sitemap pro-
gram (Fig. 4) showed coherent active sites for the target protein as
reported in site directed mutagenesis study [24].

One of the key challenges in computer-aided drug discovery
is to maximize the capabilities of the method in use for predict-
ing and rank-ordering the binding affinities of compounds for a
given target protein. The efficiency of a prediction method is pre-
dominantly determined by these capabilities. Various descriptors
extracted from the structural information on ligand-receptor com-
plex may provide an advantageous solution to creating a reliable
binding-affinity-prediction model. Here, we combined the results
obtained from a standard docking protocol with data from struc-
ture based calculations of free energy of binding (eMBrAcE) and
then investigated the utility of both the methods on the virtual
screening efficiency for epipodophyllotoxin derivatives.
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Val 421

Fig. 3. The structural comparison of template (pdb ID:1BJT) and modeled structure
of human TP-lla.

Docking simulation of epipodophyllotoxin derivatives to the
homology modeled TP Ila was performed using the Glide program
(Schrodinger package). All the 143 epipodophyllotoxin ligands with
known binding affinity expressed in terms of percentage of cellu-
lar protein—-DNA complex formations (PCPDCF) were docked into
the defined binding site. The binding mode of a cognate ligand
within the binding site is represented in Fig. 5. In this figure we
can observe that the molecule well fitted to the defined binding
pocket. All the 143 epipodophyllotoxin analogues were also found
to be good binder with TP Ila. For each ligand in the virtual library,
the pose with the lowest Glide score was rescored using eMBrAcE.
These approaches predict the binding free energy for set of ligands
to receptor.

3.1. Building models for prediction of binding affinity using Glide
score

Prediction model for prediction of binding of epipodophyllo-
toxin with TP Ila were built by considering the Glide score (GScore)
as a descriptor. The Eq. (1) of the model and the corresponding

Fig. 4. Ligplot of human TP lla-epipodophyllotoxin binding site.

GIn 784

Fig. 5. Binding mode of epipodophyllotoxin derivative (5) within the binding site
of human TP Il

statistics are shown below:

log(PCPDCF) = 0.183(£0.131) — 0.642(+0.048) x GScore 1)
(N = 110; r? = 0.624; s = 0.321; F = 179.0; r2, = 0.606; PRESS = 11.65)

The root mean square error (RMSE) between the experimen-
tal PCPDCF and the predicted PCPDCF obtained by the regression
model was 0.271, which is an indicator of the robustness of the fit
and suggested that the calculated PCPDCF based on Glide score is
reliable. The quality of the fit can also be judged by the value of
the squared correlation coefficient (r2), which was 0.624 for the
data set. Fig. 6 graphically shows the quality of fit. The statistical
significance of the prediction model is evaluated by the corre-
lation coefficient r2, standard error, F-test value, leave-one-out
cross-validation coefficient r2, and predictive error sum of squares
PRESS. The regression model developed in this study is statistically
(r?, = 0.606, 1% =0.624, F=179.0) best fitted and consequently used
for prediction of formation of complexes with TP Ila (In PCPDCF) of
the epipodophyllotoxin analogues as reported in Table 3.

3.2. Linear optimization of energy parameters vs. binding affinity

One docking structure from each molecule docking result was
picked up as final docked structure in TP Il and was imported
into eMBrAcE for further calculations. As the Glide treats a recep-
tor rigidly during docking simulation, an energy minimization was
performed to the docked complex. A vdW energy and electrostatic

35

RP=0.624 .
304 y=0624x+0.711

Predicted Log (PCPDCF)

0.0

0.0 05 1.0 1.5 20 25 3.0 35
Experimental Log (PCPDCF)

Fig.6. Models for predicting binding affinity (log PCPDCF) of the epipodophyllotoxin
derivatives based on Glide score for the training set.
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Table 3
Predicted log(PCPDCF) of epipodophyllotoxin analogues using Glide score (XP) as a descriptor for training set compounds based on Eq. (1).
Ligand GScore Experimental Predicted Ligand GScore Experimental Predicted
log(PCPDCF) log(PCPDCF) log(PCPDCF) log(PCPDCF)
1 —-2.927 1.625 2.062 56 -2.819 2.264 1.993
2 -2.124 2.044 1.547 57 —2.300 2.068 1.660
3 —2.087 1.924 1.523 58 —3.140 2.136 2.199
4 —2.413 2.223 1.732 59 —2.390 2.093 1.717
5 -3.771 2.208 2.604 60 —2.700 2.201 1916
6 —3.432 2.462 2.386 61 —2.780 2.173 1.968
7 —3.290 2.385 2.295 62 —3.430 2.173 2.385
8 -3.110 2.324 2.180 63 -3.100 1.973 2173
9 -1.310 0.602 1.024 64 -2.120 2.000 1.544
10 —2.720 2.396 1.929 65 —3.300 1.973 2.302
11 —2.700 2.316 1.916 66 —2.605 1.919 1.856
12 —2.852 1.919 2.014 67 —2.400 2.107 1.724
13 —3.421 2.110 2.379 68 -1.320 0.643 1.030
14 —3.070 1.699 2.154 69 —-1.122 0.544 0.903
15 -2.516 2.017 1.798 70 —2.431 1.763 1.744
16 —2.640 2.371 1.878 71 -3.510 1.944 2.437
17 —3.070 2.255 2.154 72 —2.911 2.000 2.052
18 —3.090 2214 2.167 73 —2.392 1.415 1.718
19 —3.250 2.445 2.270 74 —2.752 2.155 1.950
20 -2.320 1.986 1.672 75 —3.040 2.170 2.135
21 —2.650 2.146 1.884 76 —2.720 2.097 1.929
22 —3.604 1.986 2.497 77 —3.381 2.037 2.354
23 —2.248 2.090 1.626 78 —3.200 1.863 2.238
24 -3.114 2.146 2.182 79 —2.783 2.316 1.970
25 —3.450 2.518 2.398 80 —1.540 0.785 1.172
26 —1.830 1.041 1.358 81 -1.520 1.193 1.159
27 —-2.394 1.756 1.720 82 —-2.531 1.342 1.808
28 —2.681 1.531 1.904 83 —1.200 0.602 0.953
29 —1.560 1.000 1.184 84 —3.396 1.995 2.363
30 —3.100 2.278 2.173 85 -3.120 2.139 2.186
31 —2.410 2.262 1.730 86 —3.251 1.716 2.270
32 -3.138 1.919 2.198 87 —2.502 1.875 1.789
33 —2.585 2.235 1.843 88 —3.093 2.103 2.169
34 —2.793 1.886 1.976 89 —3.055 2.097 2.144
35 —2.737 2.146 1.940 90 —2.389 2.033 1.717
36 —3.240 2.307 2.263 91 —-1.930 1.361 1422
37 —2.549 2.262 1.820 92 —1.861 0.903 1.378
38 —-2.930 2.269 2.064 93 -1.929 0.954 1.421
39 —2.587 2.252 1.844 94 —1.401 1.079 1.082
40 —2.030 1.230 1.486 95 -1.839 0.903 1.364
41 —2.843 2.139 2.008 96 -3.217 2.068 2.248
42 -1.741 0.839 1.301 97 -2.119 2.021 1.544
43 -3.274 1.919 2.285 98 -3.010 1.982 2.116
44 —3.182 2.179 2.226 99 —2.541 1.839 1.814
45 —2.770 2.324 1.961 100 —2.742 2.075 1.944
46 —3.303 2.060 2.304 101 —2.155 1.973 1.567
47 —2.850 1.505 2.013 102 —2.662 2.243 1.892
48 —3.900 3.258 2.687 103 —3.460 2.164 2.405
49 —2.987 2334 2.101 104 —3.224 2.037 2.253
50 —3.577 2.114 2.480 105 —2.481 1.875 1.776
51 —3.140 2.158 2.199 106 —2.958 2.301 2.082
52 —3.730 2.352 2.578 107 -1.977 1.612 1.452
53 -2.070 1.995 1.512 108 —-1.256 0.845 0.989
54 —2.401 2.201 1.725 109 —0.800 0.000 0.007
55 -3.110 2.158 2.180 110 —2.224 1.561 1.611

PCPDCF, percentage of cellular protein-DNA complex formation.

energy between ligand and receptor as well as solvation energy
were calculated for each minimized complex. Also solvent accessi-
ble surface area (SASA) change was calculated using Qikprop. All
these energies are listed in Table 4. A scheme similar to Linear
Response was developed to predict the protein—-DNA complex for-
mation based on these energies. The predicted value of log(PCPDCF)
of these analogues is listed in Table 4. The predicted activity has
good correlation to the actual activity. The predicted activity based
on linear optimization of different energy components used in the
calculationrepresented the actual activity well. Several papers have
been reported, in which a reasonable correlation between calcu-
lated activity and experimental activity for a small set of ligands
have been obtained. Although these energy components are added
directly together in most of these applications, it is still a challenge

to apply these methods into large set of ligands. Normally, these
different energy components (vdW, electrostatic, solvation) were
calculated using more than one method. To same set of structure,
different force field or different methods will produce different val-
ues of energy. This suggests that these energy components need to
be scaled before an equation is obtained to get a better expres-
sion for these energy components. A set of weights can be used
to scale these energies to get free energy expression by linearly
combining these energies. Some scoring functions [24] used this
strategy, which were optimized using a test set of molecules. In the
work, alinear combination strategy was used to express the protein
complex formation in presence of epipodophyllotoxin analogues
by four energy components calculated from different methods. The
equation of the model and the corresponding statistics are shown
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Table 4
Calculated energy components and predicted log(PCPDCF) of epipodophyllotoxin analogues for the Training set compounds based on Eq. (2).
Ligand Experimental AGyqw (kcal/mol) AGee (kcal/mol) AGsoy (kcal/mol) SASA Predicted
log(PCPDCF) log(PCPDCF)
1 1.625 —-120.4 -191.1 301.4 561.7 1.750
2 2.044 -91.1 445.7 —4441 639.8 2.129
3 1.924 -80.4 300.7 -210.3 643.9 1.943
4 2.223 -51.7 3249 —-297.8 236.4 2.494
5 2.208 —68.3 275.0 —-2449 340.0 2.346
6 2.462 —108.1 —-26.4 139.7 184.3 2.254
7 2.385 -1431 45.6 91.5 400.7 2.013
8 2.324 -129.0 -18.1 162.7 396.3 1.979
9 0.602 -192.8 249.9 796.3 732.6 0.616
10 2.396 —151.1 —48.1 153.0 275.7 2.142
11 2.316 —134.2 —-142.6 275.5 199.2 2.148
12 1.919 —-84.0 -40.9 106.1 7283 1.704
13 2.110 —-125.4 57.8 36.5 349.5 2133
14 1.699 —-106.5 —-65.9 150.3 853.5 1.523
15 2.017 —62.7 -257.1 280.7 317.0 2.108
16 2.371 —-143.9 65.8 553 416.0 2.026
17 2.255 —41.2 —528.6 583.6 65.5 2.215
18 2.214 -107.8 56.4 95.1 281.8 2.141
19 2.445 —154.8 86.3 71.0 235.5 2.191
20 1.986 -172.1 189.5 -53 106.2 2.351
21 2.146 —-116.1 2439 —602.7 774.6 2314
22 1.986 -36.3 336.2 -314.0 668.1 2.027
23 2.090 —-139.9 641.2 -531.5 737.0 1.977
24 2.146 —-57.5 —388.0 469.8 2914 1.999
25 2.518 -82.8 957.8 —841.1 392.7 2.527
26 1.041 -138.3 298.2 577.5 692.0 0.908
27 1.756 —102.6 190.5 68.5 347.4 2.005
28 1.531 —-104.3 -167.0 2721 665.0 1.657
29 1.000 -76.0 -55.5 738.7 715.8 0.950
30 2.278 -53.2 949.4 -867.3 724.7 2.201
31 2.262 -1314 1381.9 —1186.5 767.6 2.219
32 1919 —-87.8 733.1 —708.1 722.1 2.156
33 2.235 -93.1 966.1 -837.8 830.4 2.026
34 1.886 —104.4 612.6 —484.1 659.7 2.033
35 2.146 —-67.2 344.5 —260.1 698.1 1915
36 2.307 -57.4 -15.3 76.1 651.0 1.814
37 2.262 -100.7 —245.1 270.0 366.1 2.050
38 2.269 -73.9 951.0 —-934.1 694.1 2312
39 2.252 —-128.5 1359.6 —1200.9 707.7 2.320
40 1.230 —64.5 460.7 3741 7711 0.968
41 2.139 -102.5 578.8 —461.2 798.9 1.874
42 0.839 —68.6 -1185.2 949.2 722.6 1.499
43 1919 —-82.1 —-346.4 419.7 315.2 1.999
44 2.179 —144.7 -303.5 423.6 116.8 2.172
45 2.324 -35.2 —162.8 2115 312.2 2.136
46 2.060 -137.7 134 149.0 287.7 2.093
47 1.505 —-126.5 153.5 -49 638.0 1.793
48 3.258 —69.6 136.2 -797.9 203.0 3.280
49 2334 -92.3 436.7 -317.1 322.7 2.333
50 2.114 -76.3 186.4 —159.0 306.0 2.340
51 2.158 —86.7 601.9 —-403.1 241.1 2.412
52 2.352 —-94.2 507.7 —-411.7 231.2 2.500
53 1.995 -75.3 516.6 —-416.9 765.3 1.908
54 2.201 -108.2 499.7 —341.8 330.5 2.306
55 2.158 -119.9 323.0 —-243.1 309.4 2.332
56 2.264 -85.3 536.1 —424.7 473.2 2.227
57 2.068 —-89.4 185.7 -17.4 334.7 2.131
58 2.136 —-182.8 -58.7 241.7 335.2 1.968
59 2.093 -110.5 —-104.7 1739 393.9 2.034
60 2.201 -77.5 -57.9 120.2 404.9 2.061
61 2173 —-108.0 —-113.8 251.2 258.5 2.097
62 2.173 —145.3 741 105.5 231.2 2.164
63 1.973 -56.2 -174.0 2243 2741 2.167
64 2.000 —-102.5 -272.1 359.0 3213 2.009
65 1.973 —-88.7 -212.1 287.1 2333 2.156
66 1919 —-49.8 —-62.8 119.7 241.3 2.254
67 2.107 -1333 263.5 -110.9 2194 2.310
68 0.643 -216.2 238.6 884.6 595.9 0.663
69 0.544 -251.8 -326.9 906.4 761.0 0.852
70 1.763 -105.1 -173.1 243.0 726.2 1.629
71 1.944 -113.2 —-14.7 116.9 447.2 1.979
72 2.000 —181.5 43.9 79.2 318.1 2114
73 1415 —164.4 -21.8 139.5 886.2 1.456
74 2.155 -77.0 —-131.3 246.0 300.4 2.076
75 2.170 —-109.4 46.3 57.2 246.5 2.234
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Table 4 (Continued)

561

Ligand Experimental AGyqw (kcal/mol) AGeje (kcal/mol) AGso (kcal/mol) SASA Predicted
log(PCPDCF) log(PCPDCF)
76 2.097 -87.3 -114.1 224.0 244.6 2.151
77 2.037 —62.7 2421 —-214.6 319.5 2.356
78 1.863 —84.0 354.4 -309.8 592.9 2.083
79 2316 -91.8 -78.4 195.1 257.4 2.145
80 0.785 -124.9 -59.5 690.8 937.7 0.754
81 1.193 -79.7 —285.4 270.9 576.4 1.848
82 1.342 -113.3 89.2 -1.2 871.3 1.577
83 0.602 -236.8 285.2 1278.0 270.6 0.503
84 1.995 -104.7 -98.9 157.4 738.6 1.667
85 2.139 -56.2 -167.1 207.5 477.8 1.955
86 1.716 -83.5 39 69.7 712.2 1.735
87 1.875 —-86.0 6.5 91.5 795.7 1.612
88 2.103 -74.8 -103.0 165.7 449.8 1.988
89 2.097 -131.5 46.5 99.2 782.7 1.579
90 2.033 -147.8 -49.3 208.9 407.4 1.928
91 1.361 -85.7 -318.2 303.0 752.1 1.634
92 0.903 —183.6 —205.8 362.5 996.8 1.186
93 0.954 -78.2 3.0 72.8 970.3 1.445
94 1.079 -98.5 -91.3 180.6 894.9 1.460
95 0.903 -149.6 -19.3 170.0 980.8 1.314
96 2.068 -36.3 —184.5 209.8 597.0 1.836
97 2.021 -72.9 -19.4 774 666.0 1.796
98 1.982 —64.1 -316.0 317.3 691.2 1.688
99 1.839 -155.2 5.7 104.7 723.4 1.663
100 2.075 -131.7 51.8 65.7 684.2 1.726
101 1.973 -105.3 —148.8 231.3 744.6 1.605
102 2.243 -91.5 -253 103.3 230.9 2.250
103 2.164 -124.1 -71.3 160.8 693.9 1.689
104 2.037 -105.2 -376.6 349.0 3184 2.100
105 1.875 -67.7 -352.3 386.9 681.8 1.638
106 2.301 -191.6 -142.0 345.6 25.1 2.244
107 1.612 -122.8 -7.3 103.8 666.2 1.744
108 0.845 -50.3 -329.5 928.8 668.3 0.972
109 0.000 -149.9 1062.9 372.4 728.6 0.566
110 1.561 -143.3 1045.0 -138.7 572.7 1.385

PCPDCF, percentage of cellular protein-DNA complex formation.

below:
log(PCPDCF) = 2.636 + 0.00021 AG,qw
—0.00072 AGeje — 0.00123 AGgqy — 0.00112 SASA (2)
(N =110, r2 =0.800, s = 0.237, F = 105.1, r2, = 0.774, PRESS = 6.672)

The statistical significance of the prediction model is evalu-
ated by the correlation coefficient r2, standard errors, F-test value,
leave-one-out cross-validation coefficient r2, and predictive error
sum of squares PRESS. The regression model developed based on
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Fig.7. Models for predicting binding affinity (log PCPDCF) of the epipodophyllotoxin
derivatives based on eMBrAcE for the training set.

linear combination of energy components in this study is statisti-
cally (r2, = 0.774; r?=0.800 and F=105.1) best fitted (Fig. 7) and
consequently used for prediction of PCPDCF of the epipodophyllo-
toxin analogues as reported in Table 4. The root mean square error
(RMSE) between the experimental PCPDCF values and the predicted
PCPDCF values obtained by the regression model was also very less
(0.182), which is an indicator of the robustness of the fit and sug-
gested that the calculated PCPDCF based on above structure based
approach is reliable.

To judge the accuracy of the prediction models developed, we
have taken a separate data set called as test set consisting of
33 compounds (Table 2). Their potencies and chemical structures
were obtained from literature [23]. Experimentally determined
biological activity of the drugs based on in vitro study is also
provided in order to evaluate the accuracy of predictions. For all
compounds, both the prediction models (Egs. (1) and (2)) pro-
duce exactly the same trend for relative potencies, even though
the exact magnitudes of these values do not match very well
(Tables 5 and 6). The overall RMSE between the experimental
and predicted PCPDCF value was in the range of 0.229-0.236,
which means that both the structure based modeling were able
to predict the activity of 33 epipodophyllotoxin analogues more
reliably. Figs. 8 and 9 graphically shows the quality of fit for the
test set. These results indicate that methodologies with a bet-
ter prediction precision in binding affinities such as Glide XP and
eMBrAcE, though more time-consuming, in comparison to Glide SP,
can provide a significant advantage in prioritizing candidate com-
pounds with high biological activity (low micromolar or nanomolar
activity).

We have presented herein a FEB calculation on the binding
affinity of 143 epipodophyllotoxin derivatives with TP Ila. The
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Table 5
Predicted log PCPDCF of epipodophyllotoxin analogues using Glide score (XP) as a descriptor for test set compounds based on Eq. (1).
Ligand GScore Experimental Predicted Ligand GScore Experimental Predicted
log(PCPDCF) log(PCPDCF) log(PCPDCF) log(PCPDCF)

1 —3.531 2.084 2.450 18 -3.106 2.334 2177
2 —2.470 1.843 1.769 19 -3.350 2.227 2.334
3 —3.442 1.950 2.393 20 —-3.590 2.453 2.488
4 —3.069 2.328 2.153 21 —3.705 2.281 2.562
5 —-2.552 2.136 1.821 22 —-2.596 2.107 1.849
6 —3.561 2.361 2.470 23 —2.372 2.204 1.706
7 —3.750 2.509 2.591 24 —3.050 2.072 2.141
8 —1.600 1.176 1.210 25 -1.955 0.954 1.438
9 -2.360 1.322 1.698 26 -1.350 0.602 1.050

10 —2.653 2.082 1.887 27 —2.501 1.792 1.789

11 —2.830 2.198 2.000 28 —2.330 1.255 1.679

12 —2.255 1.707 1.631 29 —-1.947 1.518 1.433

13 —2.594 1.995 1.849 30 —2.288 2.107 1.652

14 —2.660 1.792 1.891 31 —-2.517 1.886 1.799

15 —2.541 2.252 1.814 32 —2.197 1919 1.594

16 —2.826 1.806 1.997 33 -2.377 2.167 1.709

17 —2.902 2.100 2.046

PCPDCF, percentage of cellular protein-DNA complex formation.

magnitude of the binding affinity can be a key factor that decides
the activeness of an individual inhibitor. An energetic evalua-
tion of the binding affinity will provide a way to estimate the
activity of inhibitors. In any binding energy calculation, the cor-
rect binding structure of each ligand has to be determined first
prior to binding energy estimation. No experimental structure
of epipodophyllotoxin with TP Il« is available. We used flexible
docking to determine the binding structure of the epipodophyllo-
toxin analogues with TP Ila. Very similar binding structures were
obtained for a set of analogues. This makes a credible predic-
tion model of the biological activity (PCPDCF) calculation possible.

The calculated docking scores and binding free energy value of a
set of structural analogues demonstrates excellent linear corre-
lation to the experimental activity. These models could be useful
to predict the range of activities for new epipodophyllotoxin ana-
logues. The information that we have expressed in this study may
lead to the designing (synthesis) of more potent epipodophyllo-
toxin derivatives for inhibition of TP Ilae. Although the current
study does not involve a large number of receptors and test sets
of compounds, our evaluation data should add valuable infor-
mation that may enhance the practice of computerized drug
discovery.

Table 6
Calculated energy components and predicted log(PCPDCF) of epipodophyllotoxin analogues for the test set compounds based on Eq. (2).
Ligand Experimental AGyqw (kcal/mol) AGee (kcal/mol) AGsoy (kcal/mol) SASA Predicted
log(PCPDCF) log(PCPDCF)
1 2.084 -31.1 2571 —-167.3 605.8 1.972
2 1.843 —96.6 2154 —165.6 652.6 1.934
3 1.950 —-125.8 457.4 —325.5 624.3 1.982
4 2.328 -54.8 -99.1 134.6 270.3 2.228
5 2.136 —-28.4 -50.2 102.5 682.7 1.776
6 2.361 —-115.7 —-241.4 311.8 326.7 2.037
7 2.509 —-82.1 -177.4 213.2 236.2 2.220
8 1.176 -57.8 17.3 158.8 725.0 1.728
9 1.322 -103.8 —56.8 187.4 773.0 1.560
10 2.082 —-164.9 -58.0 162.7 691.6 1.669
11 2.198 -122.0 -110.3 216.4 357.9 2.023
12 1.707 —154.7 —-159.9 3443 709.2 1.502
13 1.995 -129.1 152.2 14.6 692.8 1.706
14 1.792 -121.0 121.6 5.1 694.1 1.740
15 2.252 -96.2 70.9 —6.1 592.1 1.798
16 1.806 —-83.4 —246.2 264.1 712.7 1.673
17 2.100 —-127.6 621.7 —-492.8 695.9 1.989
18 2.334 —-121.4 402.5 -276.7 603.1 1.874
19 2.227 -21.7 192.3 —221.2 719.2 1.960
20 2.453 —138.3 530.4 —404.6 430.0 2.242
21 2.281 —-125.7 431.8 —-335.2 695.0 1.933
22 2.107 -117.0 104.2 241 716.2 1.705
23 2.204 -109.6 -73.6 198.7 345.6 2.035
24 2.072 —158.3 274 171.3 511.1 1.840
25 0.954 —-15.4 -116.9 960.4 727.2 0.722
26 0.602 —-194.7 973.6 440.5 729.3 0.536
27 1.792 —-129.9 -11.4 1124 737.6 1.653
28 1.255 —-151.8 -127.0 214.7 722.7 1.623
29 1.518 —109.1 -176.7 258.4 774.9 1.555
30 2.107 -85.7 —194.2 268.3 660.3 1.689
31 1.886 —-117.2 36.6 67.6 667.2 1.755
32 1919 -90.9 —40.1 771 667.8 1.804
33 2.167 —-113.4 21.0 108.0 492.2 1914

PCPDCF, percentage of cellular protein-DNA complex formation.



P.K. Naik et al. / Journal of Molecular Graphics and Modelling 29 (2010) 546-564 563

25 .

R®=0.508
y = 0.667x + 0.627

Predicted Log (PCPDCF)

0.5 T T T
0.5 1.0 1.5 2.0 2.5

Experimental Log (PCPDCF)

Fig.8. Models for predicting binding affinity (log PCPDCF) of the epipodophyllotoxin
derivatives based on Glide score for the test set.
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Fig.9. Models for predicting binding affinity (log PCPDCF) of the epipodophyllotoxin
derivatives based on eMBrAcE for the test set.

4. Conclusion

The binding structures of these ligands in human TP Il were
predicted by flexible docking simulations. They bind in a similar
position inside the TP Il drug binding site and try to fit the bind-
ing pocket well. The calculated FEB for these ligands reasonably
predicted the activity of this set of ligands. The calculated activity
has good correlation to experimental activity. The result shows that
the linear combination of four energy terms: vdW, electrostatic,
solvation (electrostatic part), and nonpolar energies optimized by
regression has power to express the binding affinity of large set
of ligands in receptor. The Docking and eMBrAcE demonstrates a
good ability on the binding structure prediction and binding energy
determination to produce reasonable energies. This work suggests
that in the relative FEB calculation, which is major interest in drug
design, the contribution of different energy terms can be scaled by
a set of weight factors to reach a good correlation. In practice, it is
know that same energy term plays different role in different type of
systems. This is one of the reasons that a reasonable activity model
can be obtained just based on some energy terms. The calculation
of solvation effect upon a ligand binding in a protein is a challenge
work. This work and many others have shown that solvation effect
is an important driving force on ligand binding and a key factor in
expression of activity of a set of ligands. In the work, GB and SASA

methods were used to estimate the electrostatic and the nonpo-
lar parts of solvation and produced satisfactory results in terms of
good correlation with experimental activity.
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