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Virtual screening of large chemical libraries plays a 
key role in lead identification and optimization in  
rational approaches to pharmaceutical drug discovery. 
Both ligand-based (e.g. 3D-QSAR) and structure-
based (e.g. automated docking) methods are exten-
sively used in such screening experiments. While the 
former techniques lead to good local models that  
rationalize the structure activity relations (SAR) in a 
given series, they provide limited insights into receptor–
ligand interactions. Structure-based methods depend 
on scoring functions that are typically not functional-
ized to reproduce local SAR while doing a good job of 
producing accurate poses and enriching actives seeded 
in a decoy set. In this study, we have attempted to em-
ploy the ability to customize the scoring function asso-
ciated with Surflex-dock technology to develop HIV-1 
protease inhibitor-specific scoring functions using a 
well-defined training set of cyclic urea compounds. 
The study highlights the significance of various dock-
ing features such as protein flexibility, fragment-based 
core constraints and sampling of the docking space in 
optimization of docking scores. Applying customized 
scoring functions improved correlation between  
experimental and computed docking scores and thus 
enabled better rationalization of SAR. In addition, the 
tuned scoring functions show utility in recovery of  
actives in enrichment studies. Such studies lend them-
selves to identification of novel ligands as potential 
HIV-1 inhibitors from the pool of chemical libraries 
whose activities against HIV-1 protease are unknown. 
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VIRTUAL screening of large compound libraries is recog-
nized to be an important component of modern pharma-
ceutical drug discovery1–7. It serves as a potential method 
for reducing downstream investment in valuable human 
and material resources needed for drug discovery and  
development, by eliminating untenable ligands early in 
the discovery process by rational criteria. Both ligand-
based3,8–10 and structure-based1,8,10–12 three-dimensional 
virtual screening methods are popular and have been  
extensively developed and employed. The traditional 

ligand-based approaches such as 3D-QSAR are useful in 
the development of focused local models that rationalize 
experimental observations in and around a given chemical 
series2,3,13. However, they are dependent on the quality of 
molecular alignments stemming from the assumption of a 
common binding mode between the members of a dataset 
of molecules14–16. Such alignments in turn are dependent 
on the nature and sampling of the conformational spaces 
of the molecules. Despite their utility in rationalizing  
local structure–activity effects, the ligand-based 3D-
QSAR models are limited in their scope as they do not 
offer any significant insights into interactions with recep-
tor structure active site/s. By contrast, the traditional 
structure-based methods such as docking offer consider-
able insights into receptor–ligand interactions and help 
rationalize the structure–activity relations (SAR) in terms 
of the emphasis on such interactions. However, the big-
gest challenge in the field of docking and scoring is the 
utilization of scoring functions which rank order different 
energetically feasible poses obtained by using conven-
tional energy force field approaches17–23. Specifically, 
various scoring functions are tuned for docked pose accu-
racy and enrichment of actives, but not necessarily geared 
toward reproducing ranking of experimentally observed 
binding data24–31. Any correlations are generally deemed 
accidental rather than being obtained by design. This 
limitation presents considerable challenges in the area of 
structure-based lead optimization of chemical series. 
 In recent years, several molecular dynamics, Water-
map, free energy perturbation (FEP), molecular mechan-
ics – generalized born model augmented with solvent 
accessible surface area (MMGB/SA) and molecular  
mechanics – Poisson Boltzmann surface area (MMPB/ 
SA) methods have been studied to develop computational 
approaches to improve binding affinity predictions32–37. 
However, the success of such methods is dependent upon 
considerable degree of parameterization and tweaking of 
protocols and is consequently not practical in the context 
of high-throughput drug discovery processes due to (a) 
limitations in the force field representations of various 
complex interactions involving receptor, ligand/s and 
solvent molecules, (b) limitations in the sampling of the 
conformational spaces of receptor–ligand–solvent com-
plexes, (c) long simulation times and (d) lack of transfer-
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ability of protocols to systems significantly different from 
the ones for which initial optimizations are done. 
 In this study, we have investigated the utility of scoring 
function customization feasible through the Surflex-
dock24,29 approach to examine if such customization can 
improve upon the correlation between experimental bind-
ing affinities and docking scores. To the best of our 
knowledge, Surflex-dock is the only docking technology 
which allows out-of-the-box ability to customize scoring 
function toward reproducing experimental binding affini-
ties. As an example, we have used a focused training set 
of nine isomers of a cyclic urea-based HIV-1 protease inhi-
bitor38 to carry out such a customization using a variety 
of computational protocols involving protein side chain 
and main chain flexibility, sampling level of docking 
space and fragment-based core constraints. The HIV-1 
protease inhibitory activities of these compounds span 
more than three orders of magnitude. We have demon-
strated that the customized scoring functions do lead to 
improvements in correlations between experimentally  
observed binding affinities and docking scores. We have 
used some of the customized scoring functions to carry 
out enrichment studies to analyse their impact on retrieving 
a set of active cyclic urea-based HIV-1 protease inhibi-
tors seeded in a HIV-specific decoy dataset obtained from 
DUD (http://dud.docking.org). We find that the custom-
ized scoring functions do lead to marginal improvements 
in the enrichment of active ligands. Thus, it appears that 
chemotype-specific scoring function customization may 
be a useful alternative strategy to more expensive simula-
tions-based approaches involving molecular dynamics 
and FEP methods. 

Materials and methods 

Target protein, data sets and molecular modelling 

All the docking studies were carried out using the pro-
tein–ligand complex with crystal structure entry with 
code 1QBT39 (Protein Data Bank – http://www.pdb.org)40. 
The ligand containing a seven-membered ring cyclic 
urea, in this complex is a potent inhibitor of HIV-1 prote-
ase (binding Ki of 0.024 nM)39. There are no X-ray crys-
tallographic water molecules in this complex as the urea 
moiety displaces the active-site water present in the 
bound complex of HIV-1 with peptidic inhibitors (e.g. the 
PDB code 4PHV)40,41. This complex was employed as in-
put for protein preparation in Sybyl-X (version 1.3)37. 
Hydrogen atoms were added to the protein–ligand com-
plex and the terminal residues were maintained in their 
charged states (NH+

3 and COO–). All the amide moieties 
in the side chains of asparagine and glutamine were ad-
justed to optimize their interactions with surrounding 
residues and groups of atoms. The protonation states of 
the two histidines were retained at their default values of 
HID (hydrogen on the Nδ atom) since they are beyond the 

8 Å shell around the ligand. The protein–ligand complex 
was subjected to ‘staged minimization’ which consisted 
of the following steps: (i) minimization of hydrogen posi-
tions, (ii) minimization of side chain atoms, (iii) minimi-
zation of the entire protein structure minus the Cα atoms, 
(iv) minimization of the ligand and (v) minimization of 
all the atoms. In each step, 100 cycles of steepest descent 
and conjugate gradient energy minimizations were car-
ried out using the Tripos force field42. It should be noted 
that the main goal of this ‘staged minimization’ is to 
clean up the original X-ray structure after the addition of 
hydrogen atoms and reorientation of the asparagine and 
glutamine side-chain amides. Thus, the above procedure 
maintains the integrity of the experimental structure of 
1QBT as noted by the value of 0.2 Å for the root mean 
square deviation (RMSD) of the heavy atoms between the 
minimized and X-ray protein atoms. As noted above, this 
PDB entry did not contain any crystallographic water 
molecules in the protein–ligand complex and is suitable 
for docking cyclic urea inhibitors, which have been stu-
died here. 
 The cyclic urea ligands (Figure 1) used in the principal 
docking studies, referred to henceforth as TRGSET, were 
taken from Kaltenbach et al.38 and prepared using the 
‘Ligand Preparation’ panel in Sybyl-X37. The molecules 
were input in the form of 2D structures (drawn in  
ChemDraw), stored in SDF formatted file and subject to  
co-ordinate generation by CONCORD43, within the 
Ligand Preparation module. It should be mentioned that 
CONCORD generated structures have stereochemically 
acceptable bond lengths and bond angles which do not 
vary during the docking simulations. These structures are 
however endowed with reasonable dihedral angles which 
do vary during the flexible docking of ligands. 
 In addition to the set of these nine ligands, we also pre-
pared a collection of active HIV-1 protease inhibitors 
containing six- and seven-membered cyclic ureas39,44–58 
(Table 1) referred to henceforth as TESTSET1, an exter-
nal test set of 71 HIV-1 protease inhibitors spanning 
 

 
 

Figure 1. Schematic illustration of TRGSET members (compounds  
1 through 9) investigated in the docking studies. The stereochemistry at 
atoms 4–7 in these compounds is as follows: 1 (RSSR), 2 (RSRR), 3 
(RSSS), 4 (RSRS), 5 (SSSS), 6 (RRRR), 7 (SRSS), 8 (SRRS) and 9 
(SRRR). Experimentally measured binding affinities (in terms of Ki 
values) for these compounds are as follows: 1 (3.6 nM), 2 (6.0 nM),  
3 (64 nM), 4 (250 nM), 5 (560 nM), 6 (1350 nM), 7 (1710 nM),  
8 (3810 nM) and 9 (6700 nM). 
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Table 1. Active inhibitors of HIV-1 protease* used in the enrichment studies 

Ligand  Ki  pKi  Reference Ligand  Ki  pKi  Reference 
 

CHEMBL85653  0.010  11.000  45  CHEMBL312796  0.016  10.796  48  
CHEMBL309629  0.010  11.000  48  CHEMBL311474  0.016  10.796  48  
CHEMBL73240  0.010  11.000  52, 55  CHEMBL412862  0.016  10.796  36  
CHEMBL316681  0.010  11.000  52  CHEMBL434098  0.018  10.745  52  
CHEMBL405187  0.010  11.000  45, 54  CHEMBL431174  0.018  10.745  49  
CHEMBL81383  0.010  11.000  45, 54  CHEMBL79149  0.018  10.745  48  
CHEMBL305125  0.010  11.000  49  CHEMBL316147  0.018  10.745  45, 54  
CHEMBL36900  0.010  11.000  53  CHEMBL420944  0.018  10.745  48  
CHEMBL70626  0.011  10.959  55  CHEMBL78671  0.018  10.745  48, 52  
CHEMBL133292  0.012  10.921  47  CHEMBL320005  0.018  10.745  44  
CHEMBL313348  0.012  10.921  54  CHEMBL262642  0.018  10.745  45, 54, 47  
CHEMBL313959  0.014  10.854  45, 54  CHEMBL284942  0.018  10.745  48, 46  
CHEMBL291677  0.014  10.854  45, 54, 48, 36  CHEMBL262378  0.020  10.699  45, 54  
CHEMBL408834  0.016  10.796  45, 54  CHEMBL315929  0.020  10.699  45, 54  
CHEMBL427992  0.016  10.796  51  CHEMBL116517  0.020  10.699  53  
CHEMBL133291  0.016  10.796  47  CHEMBL416783  0.020  10.699  53  
CHEMBL315569  0.016  10.796  54  CHEMBL413332  0.021  10.678  57  
CHEMBL349637  0.016  10.796  50  CHEMBL312366  0.021  10.678  48  
CHEMBL61173  0.021  10.678  49  CHEMBL366576  0.060  10.222  53  
CHEMBL312349  0.022  10.658  48  CHEMBL78504  0.027  10.569  48  
CHEMBL336730  0.023  10.638  47  CHEMBL85990  0.027  10.569  45, 54  
CHEMBL313288  0.023  10.638  54  CHEMBL57375  0.027  10.569  45, 54, 36, 48  
CHEMBL288254  0.023  10.638  48, 53  CHEMBL38314  0.027  10.569  53, 49, 50  
CHEMBL89064  0.024  10.620  54  CHEMBL312659  0.028  10.553  48  
CHEMBL131268  0.024  10.620  47  CHEMBL310125  0.029  10.538  48  
CHEMBL11266  0.024  10.620  45, 54, 36, 48, 51  CHEMBL82422  0.030  10.523  48, 56  
CHEMBL57707  0.025  10.602  36  CHEMBL286671  0.030  10.523  53  
CHEMBL86398  0.025  10.602  45, 54  CHEMBL291004  0.030  10.523  53  
CHEMBL80182  0.025  10.602  48  CHEMBL290331  0.060  10.222  53  
CHEMBL408252  0.026  10.585  51  CHEMBL416612  0.060  10.222  53  

*The three-dimensional coordinates of these inhibitors are available in a SD formatted file provided by the authors as ‘Supplementary material’. 
 
 
more than four orders of magnitude, referred to hence-
forth as TESTSET2 (Table 2) and a set of HIV-1 specific 
decoy ligands obtained from DUD database. The criterion 
for choosing TESTSET1 compounds was a pKi (com-
puted as 9 – log10[Ki]) cut-off of 10 (Ki < 100 picomolar) 
in the HIV-1 protease binding assay. The TESTSET2 
compounds were chosen from a collection of 426 cyclic 
urea inhibitors of HIV-1 protease reported in the litera-
ture by the application of the SELECTOR module of Sy-
byl-X37. This method was employed to select a sixth of 
the dataset representing diversity in the chemical and bio-
logical spaces of the ligands. In the preparation of these 
three sets of ligands, stereochemistry was expanded 
wherever it was not originally specified and all possible 
ionization and tautomer states were generated using envi-
ronment-specific rules, as applicable. 
 The prepared HIV-1 protease–ligand 1QBT complex 
(vide supra) was used as input in Surflex-dock module of 
Sybyl-X to generate a ‘protomol’ using the ‘Ligand’  
option. It may be noted that the centroid of the ligand co-
ordinates is used as a starting point for identification of 
potential sites in the active site which can be occupied by 
ligand functional groups. The protomol consists of a col-
lection of clustered probes that represent hydrophobic 
(methane) and hydrophilic (NH and C=O) interactions 

with the protein atoms26. Thus, the protomol represents 
the fingerprint of an active site and was employed in 
docking the prepared ligands (vide supra). 
 The prepared TRGSET compounds were docked into 
1QBT using all the four docking modes (Default, Screen, 
GEOM and GEOMX) available through the Surflex-
dock24,28,32,36,59, interface in Sybyl-X. For each of these 
docking modes, docking calculations were carried out in 
two sets of conditions – (i) with and without the incorpo-
ration of protein flexibility and (ii) with and without the 
incorporation of placed fragment constraints. In docking 
experiments where protein flexibility is incorporated, all 
hydrogen atoms and heavy atoms within 8 Å of ligand 
poses are allowed to undergo movements. In docking 
runs with placed fragment constraints, the three-
dimensional coordinates of the seven-membered urea 
core (Figure 1) were specified as positional constraints 
with a penalty value of 40 kcal/mol/Å. For the sake of 
reference, the atoms in the seven-membered rings will be 
referred to by their numbers as shown in Figure 1. The 
docked poses were required to ‘match the fragment’  
implying that the 3D coordinates of the fragment in the 
former were similar to the corresponding coordinates in 
the X-ray structure of 1QBT. Ligand ring flexibility was 
explored in all GEOMX docking calculations in which 
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Table 2. Experimental pKi and docking scores obtained by ‘Default mode’ Surflex docking using the default  
 (column 3) and customized scoring functions (columns 4 to 6) for the HIV-1 protease inhibitors in TESTSET2 

Ligand  Expt. pKi  Default  GEOM_CC_NPF  GEOMX_CC_NPF  GEOMX_NCC_NPF  Reference  
 

CHEMBL68086  6.310  8.402  7.085  6.558  7.107  60  
CHEMBL97836  6.839  8.031  7.451  7.074  7.226  58  
CHEMBL98826  7.046  8.150  6.004  7.218  7.855  58  
CHEMBL89064  7.066  8.864  7.626  7.744  7.884  54  
CHEMBL431027  7.284  8.082  6.507  8.235  6.946  45, 54  
CHEMBL431174  7.292  10.880  8.491  8.368  7.480  49  
CHEMBL335651  7.377  9.060  7.929  6.439  6.613  45  
CHEMBL99013  7.456  11.261  7.718  7.128  6.344  58  
CHEMBL339147  7.495  10.338  8.892  7.812  8.541  47  
CHEMBL166604  7.523  8.670  7.572  6.199  6.459  50  
CHEMBL291677  7.538  11.047  8.034  8.886  8.701  45,54, 48, 39  
CHEMBL413332  7.658  9.885  8.460  8.078  7.993  57  
CHEMBL421730  7.854  9.535  7.379  6.861  7.970  45, 54  
CHEMBL409292  7.886  9.720  7.304  7.191  7.392  61  
CHEMBL353484  7.914  11.322  8.546  7.550  8.633  50  
CHEMBL167005  7.921  7.834  6.558  6.548  6.459  50  
CHEMBL420944  8.051  11.706  8.424  8.526  8.436  48  
CHEMBL99174  8.076  10.298  8.094  8.444  8.756  58  
CHEMBL315300  8.149  7.527  7.131  7.893  7.860  54, 62  
CHEMBL166936  8.155  10.331  9.353  7.981  8.839  50  
CHEMBL312562  8.155  11.134  9.474  8.837  9.166  48  
CHEMBL303151  8.194  9.894  8.318  7.428  8.768  60  
CHEMBL431552  8.215  10.616  8.844  8.205  9.527  60  
CHEMBL322991  8.244  12.076  9.561  8.516  9.532  56  
CHEMBL428348  8.284  11.701  8.654  8.217  9.427  51  
CHEMBL420042  8.284  10.563  9.259  8.398  9.231  54, 62  
CHEMBL346818  8.319  9.038  8.062  7.773  7.899  57  
CHEMBL60352  8.444  7.303  7.307  8.808  7.438  49  
CHEMBL132175  8.444  8.694  7.955  8.183  8.955  47  
CHEMBL89132  8.523  9.993  7.823  8.563  8.687  45, 54  
CHEMBL74625  8.523  11.121  8.275  8.784  9.215  55  
CHEMBL310124  8.602  10.913  9.376  8.039  8.624  48  
CHEMBL137526  8.620  11.328  9.986  9.001  9.048  45  
CHEMBL154962  8.658  11.528  9.153  9.250  9.355  57  
CHEMBL415040  8.721  9.341  7.493  7.802  8.449  54, 62, 63  
CHEMBL107648  8.745  11.912  9.491  8.657  9.695  56  
CHEMBL280990  8.796  10.781  8.632  8.399  8.432  61  
CHEMBL107817  8.796  11.327  10.004  9.831  8.761  56  
CHEMBL109377  8.824  10.692  9.058  8.075  8.375  56  
CHEMBL432566  8.886  9.521  7.726  8.390  8.028  54  
CHEMBL34661  9.032  10.701  9.471  9.161  7.617  64  
CHEMBL70626  9.051  8.889  8.169  7.925  8.559  55  
CHEMBL302864  9.066  10.693  8.583  8.146  7.817  49  
CHEMBL293654  9.066  11.745  9.429  8.198  9.274  49  
CHEMBL79023  9.130  9.866  9.386  8.441  7.751  48  
CHEMBL29342  9.155  9.486  7.834  7.753  7.738  61  
CHEMBL302585  9.155  9.527  8.008  7.736  8.159  60  
CHEMBL108932  9.194  11.367  9.810  8.786  9.326  56  
CHEMBL415071  9.387  11.188  9.093  8.747  8.870  55  
CHEMBL294582  9.398  8.942  8.239  8.415  8.117  49  
CHEMBL81514  9.432  12.873  9.144  9.234  9.511  48  
CHEMBL311474  9.509  10.718  8.064  8.153  8.244  48  
CHEMBL82422  9.538  11.265  9.759  9.085  9.700  48, 56  
CHEMBL34019  9.638  11.759  9.910  9.088  9.623  64  
CHEMBL78949  9.678  11.007  9.515  8.936  10.196  48  
CHEMBL29089  9.699  9.559  9.298  8.255  8.809  61  
CHEMBL311267  9.699  10.052  9.922  10.543  9.811  48  
CHEMBL431702  9.721  8.601  8.347  8.511  8.724  60, 64  
CHEMBL433136  9.770  10.457  8.653  8.285  8.521  48  
CHEMBL87835  9.770  11.981  10.005  9.034  9.225  45, 54  

(Contd) 



RESEARCH ARTICLE 
 

CURRENT SCIENCE, VOL. 104, NO. 1, 10 JANUARY 2013 90 

Table 2. (Contd) 

Ligand  Expt. pKi  Default  GEOM_CC_NPF  GEOMX_CC_NPF  GEOMX_NCC_NPF  Reference  
 

CHEMBL73240  9.921  11.856  8.577  8.704  9.122  52, 55  
CHEMBL308568  10.161  11.553  9.799  9.048  9.545  55  
CHEMBL311079  10.174  9.930  10.060  9.255  9.387  48  
CHEMBL312672  10.208  9.621  9.777  9.280  9.518  48  
CHEMBL312349  10.319  11.955  9.944  9.578  9.930  48  
CHEMBL312030  10.328  11.598  11.053  8.984  10.049  48  
CHEMBL280989  10.337  10.973  9.394  9.272  9.281  61  
CHEMBL28558  10.509  11.752  9.651  9.253  10.170  61  
CHEMBL316407  10.523  12.392  9.964  9.842  10.022  54  
CHEMBL410740  10.620  12.945  11.234  10.649  10.724  51  
CHEMBL312796  10.699  14.433  11.781  11.475  11.880  48  

The three-dimensional coordinates of these 71 inhibitors are available in a SD (structure-data) formatted file provided by the  
authors as ‘Supplementary material’. 

 
‘placed fragment’ constraint was not employed. In each 
docking experiment, up to 20 poses were saved for each 
of the nine ligands in TRGSET based on their ‘total dock-
ing score’ values. The top-ranked docked poses for each 
of the ligands were analysed for intermolecular (protein–
ligand) hydrogen bonds using the ‘Results Browser’ of 
the Surflex-dock GUI in Sybyl-X. Correlation plots with 
experimental pKi values represented on the X-axis and to-
tal docking score on the Y-axis were generated within 
Microsoft Excel. 

Results and discussion 

Docking of TRGSET molecules 

Using the ‘Results Browser’, the top five poses of each 
ligand were saved in Sybyl Line Notation formatted files 
which were used as input for scoring function customiza-
tion, previously described in Pham and Jain29, using the 
command line execution mode. The command line opti-
mization of the scoring function was executed over five 
iterations using the option ‘+misc_remin’ to turn on  
all-atom energy minimization. The scoring function  
optimization was tuned by the inclusion of 34 scoring 
constraints corresponding to the experimental binding  
affinities of ligands in training set complexes. This was 
done to prevent potential over-training of the scoring 
function in favour of TRGSET members. The docked 
pose constraints were weighted by a factor of five relative 
to the training set constraints. At the end of customiza-
tion, docking scores corresponding to the customized pa-
rameters are reported for each input ligand pose. For the 
sake of further discussions, the customized scores will be 
referred to as custom docking score (CDS). Since five 
poses were used for each ligand, correlation factors were 
computed using the following five protocols to obtain an 
objective metric of validation: (i) CDS of the top-ranked 
pose; (ii) highest value of CDS; (iii) lowest value of the 
CDS; (iv) mean of the highest and the lowest CDS values 
and (v) average of all five CDS values. 

 High-throughput docking studies (using the default 
Surflex-dock and GEOM docking modes) were carried 
out to determine the enrichment of active ligands that are 
seeded in a database of decoy molecules. As stated  
earlier, the TESTSET1 ligands were seeded into a HIV-1 
protease-specific DUD decoy database of 1885 com-
pounds available as supplementary material. These 
docking studies were carried out using the default set of 
parameters and three customized sets of parameters deri-
ved from the scoring function customization experiment. 
Default settings were used in all these calculations aimed 
at realizing the enrichment of actives. Thus, no protein 
flexibility was incorporated and no placed fragment con-
straints were employed. Enrichment plots indicating the 
cumulative percentages of actives (Y-axis) in increasing 
percentages of database (X-axis) were drawn using  
Microsoft Excel. 
 All the top-ranked docked poses of the ligands in 
TRGSET have interactions with HIV-1 protease, which 
are generally consistent with the interaction patterns seen 
for the ligand in the X-ray complex 1QBT. Figure 2 illus-
trates the profile of interactions between the top-ranked 
pose of compound 1 (the most active of the TRGSET 
members) with the active-site residues of HIV-1 protease. 
These interactions include two (N–H⋅⋅⋅O) hydrogen-bond 
interactions between the carbonyl group of the cyclic urea 
(Figure 1) on the one hand and the backbone N–H moie-
ties of active site residues Ile50 from chains A and B on 
the other. Furthermore, the side chain carboxylates of the 
catalytic residues Asp25 from chains A and B form 
strong O–H⋅⋅⋅O hydrogen-bonding interactions with the 
hydroxyl groups attached to two of the carbons (atoms  
5 and 6 in Figure 1) in the cyclic urea moiety of com-
pound 1. 
 In addition to these hydrogen-bonding interactions, the 
top-ranked pose of compound 1 is stabilized in the active 
site by hydrophobic interactions experienced by the ben-
zyl moieties substituted on the two nitrogen atoms of the 
cyclic urea as well as those substituted on carbon atoms 
numbered 4 and 7 in Figure 1. In fact, as illustrated in 
Figure 3, these moieties overlap nicely on top of the  
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corresponding benzyl moieties in the X-ray ligand of 1QBT 
and form hydrophobic interactions with the side chains of 
a number of valine and isoleucine residues lining the ac-
tive site, including Ile50, Ile84, Val82, Ala29 and Pro81. 
It is gratifying to note that the average RMSDs of the 
benzyl moiety atoms relative to the corresponding atoms 
in the X-ray ligand are less than 1 Å. Figure 4 shows the 
overlap of the top-ranked poses of compounds 1 and 2, 
which are the two most active compounds in the training 
set TRGSET, in the active site of the 1QBT protein. 
These poses were computed using the GEOMX docking 
mode without core constraints and protein flexibility. The 
overlap of these poses with the X-ray ligand is shown in 
Figure 3, which clearly illustrates the similarity in the lo-
cation of the cyclic urea moiety of the top-ranked docked 
poses relative to that of the X-ray ligand (RMSD values 
of less than 0.8 Å). The remaining seven molecules 
 
 

 
 

Figure 2. Computer graphic illustration of hydrogen-bonding interac-
tions between the top-ranked docked pose of compound 1 in the active 
site of HIV-1 protease (from 1QBT). Hydrophobic packing interactions 
of the ligand phenyl rings against the side chain atoms of Ile84, Ile50 
and Pro81 are also evident. 

 

 

 
 

Figure 3. Overlap of the top-ranked docked poses of compounds 1 
and 2 with the X-ray structure of 1QBT ligand in the active site of 
HIV-1 protease of 1QBT. 

in TRGSET (3 to 9) dock in the active site with generally 
larger variations in the locations of the urea and the ben-
zyl moieties relative to the X-ray ligand. An example of 
such variations is shown in Figure 5 which illustrates the 
overlap of top-ranked docked poses obtained by GEOMX 
mode of docking without the application of core con-
straints and protein flexibility. 
 Notwithstanding these variations, all the top-ranked 
docked poses are involved in hydrogen-bonding interac-
tions with the main chain NH of Ile50 and side chain car-
boxylates of Asp25 from both the chains as described 
above in the case of the top-ranked docked poses of com-
pounds 1 and 2. Further evidence of these interactions is 
seen in the bunching together of the urea carbonyl group 
and the pendant hydroxyls (Figure 5). 
 The conservation of the key interactions with the active 
site amino acid residues by various top-ranked docked  
 
 

 
 

Figure 4. Overlap of the top-ranked poses of compounds 1 and 2, in 
the active site of the 1QBT protein. Hydrogen-bonding interactions of 
the ligand hydroxyl groups with Asp25 side chain atoms (from both 
chains) are evident despite the change in stereochemistry for one of the 
hydroxyl groups. 

 
 

 
 

Figure 5. Overlap of the top-ranked docked poses of compounds 1 
through 9 in the active site of HIV-1. All the carbonyl oxygen atoms in 
the cyclic urea interact with the backbone NH moieties of Ile50 from 
either chain, while the hydroxyl moieties at C-5 and C-6 interact with 
Asp25 side chain carboxylate of either chain. The hydrophobic regions 
of the ligands have interactions similar to those depicted in Figure 4. 
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Table 3. Root mean square deviations (RMSD; in Å) of the top-ranked docked poses relative to the common core atoms in the 1QBT ligand 

 Stereochemistry (molecule number)* 
 

  RSSR RSRR  RSSS RSRS SSSS RRRR SRSS SRRS SRRR Average  
Docking mode Constraints (1) (2) (3) (4) (5) (6) (7) (8) (9) RMSD 
 

DEFAULT  CC + NPF  0.2  1.3  0.19  1.31  0.61  1.3  0.87  1.3  1.32  0.93  
  CC + PF  0.28  0.29  0.38  0.19  1.28  0.31  1.31  0.34  1.02  0.60  
  NCC + NPF  0.28  1.28  0.96  0.83  0.91  1.31  0.25  1.32  0.82  0.88  
  NCC + PF  0.35  0.31  1.31  0.25  1.19  1.28  0.58  1.3  0.27  0.76  
GEOM  CC + NPF  0.37  0.3  1.31  0.79  1.28  0.24  1.28  1.28  0.93  0.86  
  CC + PF  0.44  0.29  0.53  0.41  1.3  1.31  1.21  1.29  0.96  0.86  
  NCC + NPF  0.44  1.28  0.2  0.41  0.87  0.93  0.89  1.29  1.29  0.84  
  NCC + PF  0.81  0.29  0.66  1.07  0.87  0.36  0.24  0.28  0.21  0.53  
GEOMX  CC + NPF  1.29  0.3  0.23  1.37  0.87  1.26  0.89  1.23  0.34  0.86  
  CC + PF  1.3  0.2  0.26  0.27  1.33  1.3  0.87  1.3  0.25  0.79  
  NCC + NPF  1.3  0.2  1.32  0.27  0.28  1.3  0.82  1.3  0.26  0.78  
  NCC + PF  1.3  1.28  0.26  1.35  0.97  1.31  0.25  0.16  0.25  0.79  
SCREEN  CC + NPF  1.3  1.29  0.19  1.31  1.29  0.22  1.3  1.31  0.92  1.01  
  CC + PF  1.3  1.29  0.62  0.58  0.3  0.22  0.79  1.29  0.92  0.81  
  NCC + NPF  1.31  1.3  0.9  0.18  0.61  1.27  0.85  1.31  1.32  1.01  
  NCC + PF  1.35  1.65  0.18  0.41  1.16  1.57  1.29  0.35  1.16  1.01  

*See Figure 1. 
 
 
Table 4. Correlation factors (last row) between the experimental pKi values of compounds 1 through 9 (TRGSET) listed in column 2 and com-
puted docking scores using various computational protocols listed in columns 3 to 18. Subscripts 1–4 correspond to the following combinations: 1, 
Core constraints and no protein flexibility; 2, Core constraints and protein flexibility; 3, No core constraints and no protein flexibility, and 4, No 
core constraints and protein flexibility. Docking scores corresponding to GEOM (G), GEOMX (GX), SCREEN (SCR) and DEFAULT (DEF)  
 modes of docking are shown in columns 3–6, 7–10, 11–14 and 15–18 respectively 

  Scoring function customization: docking modes and parameters 
 

  GEOM (G)  GEOMX (GX)  SCREEN (SCR)  DEFAULT (DEF)  
 

Compound*  pKi  G1  G2  G3  G4  GX1  GX2  GX3  GX4  SCR1  SCR2  SCR3  SCR4  DEF1  DEF2  DEF3  DEF4  
 

1 8.44 7.95 8.48 7.63 6.91 8.15 7.44 8.13 8.63 7.95 6.24 6.32 7.88 7.95 6.90 6.77 5.30 
2 8.22 8.56 8.34 8.41 7.91 8.45 7.94 8.56 7.93 8.17 6.17 8.27 6.17 8.30 6.57 8.27 6.22 
3 7.19 7.67 8.56 7.83 7.53 8.52 7.44 7.89 8.20 7.83 7.52 7.34 7.52 8.11 7.52 7.34 7.52 
4 6.60 7.78 6.57 7.86 7.66 8.58 7.00 8.58 7.11 7.03 6.28 6.69 7.18 7.09 7.46 6.85 7.69 
5 6.25 7.43 7.14 7.84 5.69 7.91 6.56 8.03 6.45 7.65 6.57 6.34 5.83 7.65 7.80 6.58 7.36 
6 5.87 7.92 6.04 7.92 6.21 9.15 6.12 7.97 5.66 8.08 6.91 7.92 6.05 7.39 6.91 7.92 6.91 
7 5.77 8.10 7.68 8.10 7.26 8.10 7.32 8.55 7.26 8.10 5.60 8.10 4.27 8.10 6.76 8.10 6.76 
8 5.42 8.12 7.18 7.60 6.86 8.12 7.01 7.46 7.21 7.64 7.69 7.17 7.86 7.64 6.27 7.17 7.58 
9 5.17 7.61 7.12 7.50 7.12 7.98 6.23 7.98 6.78 7.09 6.60 6.48 5.94 6.73 7.89 6.49 6.19 
Correlation (R)→  0.37 0.69 0.39 0.37 0.13 0.74 0.38 0.74 0.42 –0.24 0.04 0.38 0.62 –0.18 0.17 –0.47 

*See Figure 1. 
 
 
poses is consistent with their RMSD values relative to the 
common core atoms found in the X-ray pose of the 1QBT 
ligand. All the 38 heavy atoms in ligands 1 through 9 are 
common to the 1QBT ligand and their ‘in-place’ RMSD 
values in the top-ranked docked poses are listed in Table 
3 in each docking protocol described above. As seen from 
Table 3, all the RMSD values are less than 2 Å and the 
average RMSD values across the nine compounds are 
fairly insensitive to the docking protocol. For example, 
the RMSD values obtained for top-ranked poses with  
default docking mode are similar to those obtained by  
the more time-expensive GEOM and GEOMX docking 

modes. The lowest RMSD values are obtained with 
GEOM docked top-ranked poses in a protocol incorporat-
ing protein flexibility but no core constraints. 
 A key question that we have addressed in these studies 
is how well the Surflex-dock scores of the top-ranked 
docked poses of compounds 1 to 7 correlate with their 
measured pKi values of HIV-1 protease inhibition.  
Toward this end, we have computed the Pearson-R (corre-
lation) factors between the experimental pKi and com-
puted total score values in Surflex-dock (Table 4). As 
seen from Table 4, docking with GEOMX and incorpora-
tion of post-docking protein flexibility (PDPF) leads to 
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the highest correlation factor value of 0.74. This correla-
tion seems to be independent of whether core constraints 
are included or excluded in the docking of the TRGSET  
 

 
 

Figure 6. Enrichment curves showing the recovery of HIV-1 protease 
active inhibitors using ‘Default’ docking mode. Four sets of docking 
parameters were used corresponding to the default scoring function 
(dark green) and three customized scoring functions. The AUC (area 
under the curve) values are as follows: Default (0.85), GEOM_CC_ 
NPF (0.84), GEOMX_CC_NPF (0.86) and GEOMX_NCC_NPF (0.90). 

 
 

 
 

Figure 7. Enrichment curves showing the recovery of HIV-1 protease 
active inhibitors using ‘GEOM’ docking mode. Four sets of docking 
parameters were used corresponding to the default scoring function 
(blue) and three customized scoring functions. The AUC values are as 
follows: Default (0.96), GEOM_CC_NPF (0.94), GEOMX_CC_NPF 
(0.92) and GEOMX_NCC_NPF (0.95). 

compounds. By contrast, the correlation is much poorer 
when post-docking protein flexibility is not included,  
as seen by the correlation values of 0.14 and 0.38. 
Comparable correlation value (R = 0.69) is also observed 
with GEOM docked poses when protein flexibility is in-
corporated along with the application of core constraints. 
However, the correlation is much poorer with GEOM 
docking when post-docking protein flexibility is em-
ployed while not applying core constraints. Most of the 
docking experiments using the default mode and screen-
ing mode led to poor correlation between experimental 
pKi values and docking scores of top-ranked poses. Sur-
prisingly, in the default mode of docking a correlation 
factor of 0.62 is observed for poses generated with core 
constraints and no post-docking protein flexibility, 
whereas introducing this flexibility worsens the correla-
tion to –0.18. Thus, it appears that docking scores gener-
ally do not correlate well with experimentally observed 
pKi values despite the accuracy of the docking modes of 
the top-ranked poses, unless post-docking protein flexi-
bility is included. This is not entirely surprising since the 
Surflex-dock scoring function in its default implementa-
tion is guided by two metrics – pose prediction accuracy 
and enrichment of actives seeded in a decoy dataset.  
Indeed, as discussed earlier the docking accuracy is re-
produced for the TRGSET compounds. Also, HIV-1 pro-
tease active inhibitors seeded in the DUD decoy set of 
1885 compounds are recovered with good enrichments, as 
illustrated in Figures 6 and 7, where the percentage of  
actives recovered (Y-axis) are plotted as a function of  
percentage of database screened (X-axis). In the plots, the 
red (Figure 6) and blue (Figure 7) coloured curves corre-
spond to virtual screening using the default and GEOM 
docking modes respectively. As is evident in the plots, in 
the case of GEOM mode screening, more than 90% of the 
active compounds is recovered within the top 5% of the 
total database (enrichment factor of 18). All the actives 
are recovered within 22% of the total database leading to 
a minimum enrichment of 4.55. On the other hand, two-
thirds of the active compounds are recovered in the top 
5% of the total database in the screening by default dock-
ing mode (enrichment factor of 13.4), while 90% of the 
actives is recovered in 60% of the total dataset (enrich-
ment factor of 1.5). Both methods recover about 32% of 
the active compounds in 1% of the total database. These 
results indicate that a substantial number of actives is  
recovered in a small fraction (e.g. 1% to 5%) with sig-
nificant enrichment. Such enrichments, reflected by their 
area under the curve (AUC) values of 0.84 and 0.90  
respectively, are useful sources of lead identification in 
pharmaceutical drug discovery workflows. 
 At the suggestion of one of the reviewers, we have 
studied the possibility of obtaining better correlations with 
experimental data by the individual contributions to the 
total score. We would like to emphasize that in the case 
of the Surflex-dock scoring function, such contributions 



RESEARCH ARTICLE 
 

CURRENT SCIENCE, VOL. 104, NO. 1, 10 JANUARY 2013 94 

Table 5. Correlation factors between experimental pKi and docking scores obtained from customized scoring functions using top 5 docked poses 
for each of the nine ligands in TRGSET. The columns labelled CC and PF correspond to the usage of ‘core constraints’ and ‘protein flexibility’ in 
the docking protocols. Correlations corresponding to average scores, maximum scores, minimum scores, top-ranked scores, and mean of minimum 
and maximum scores are shown in columns 4–7 respectively. The last column depicts the gain in correlation factor due to customization based on  
 the highest correlation for a given docking protocol 

         Default   
Docking mode  CC PF Average Maximum Minimum MMB2 Top rank Highest parameters Gain 
 

DEFAULT No No 0.29 0.28 0.24 0.30 0.41 0.41 0.17 0.24 
 No Yes –0.64 –0.37 –0.49 –0.54 –0.29 –0.29 –0.47 0.17 
 Yes No 0.54 0.62 0.08 0.38 0.57 0.62 0.62 0.00 
 Yes Yes 0.20 –0.05 0.39 0.28 0.16 0.39 –0.18 0.57 
GEOM No No 0.32 0.19 0.53 0.37 0.33 0.53 0.39 0.14 
 No Yes 0.30 0.17 –0.28 –0.10 0.38 0.38 0.37 0.01 
 Yes No 0.61 0.50 0.59 0.58 0.46 0.61 0.37 0.24 
 Yes Yes 0.68 0.17 0.44 0.53 0.49 0.68 0.69 –0.01 
GEOMX No No 0.60 0.39 0.65 0.62 0.20 0.65 0.38 0.27 
 No Yes 0.57 0.49 0.31 0.63 0.19 0.63 0.74 –0.11 
 Yes No 0.49 0.36 0.39 0.50 0.18 0.50 0.13 0.37 
 Yes Yes 0.66 0.31 0.77 0.64 0.26 0.77 0.74 0.03 
SCREEN No No 0.17 0.36 –0.03 0.17 0.40 0.40 0.04 0.36 
 No Yes 0.35 0.61 –0.05 0.34 0.06 0.61 0.38 0.23 
 Yes No 0.56 0.45 0.52 0.52 0.40 0.56 0.42 0.14 
 Yes Yes 0.62 0.65 0.13 0.44 0.20 0.65 –0.24 0.89 

 
are constituted by electrostatic, van der Waals (steric/ 
hydrophobic) and entropic terms and that terms such as 
π-stacking, hydrogen bonding, hydrophobic enclosure, 
etc. are not evaluated explicitly (as they are considered 
implicitly embedded in the simpler electrostatic and van 
der Waals terms). Our analyses indicate that the correla-
tions between the experimental data on the one hand and 
the three individual contributions on the other, are gener-
ally no better than the correlations with the total scores. 
Of the three, the electrostatic terms have the best correla-
tions in general. However, their values are less than or 
equal to the correlation factors obtained with the total 
scores. The contributions to total binding by more specific 
interactions as π-stacking, hydrogen bonding, hydropho-
bic enclosure are being currently evaluated using alterna-
tive docking software methods and are beyond the scope 
of this article. They will be discussed in detail in a future 
publication. The preliminary analyses also demonstrate 
no special advantage for the individual contributions (un-
published data). 
 In light of the poor correlation between the experimen-
tal observations and computed docking scores (as dis-
cussed above), we customized the scoring function of 
Surflex-dock by tuning it to the reported pKi values of the 
TRGSET compounds. Correlation factors obtained using 
customized scoring functions are shown in Table 5. Cor-
relation factors obtained by five different metrics (as out-
lined earlier in the article and tabulated in columns 
marked ‘Average’, ‘Max’, ‘Min’, ‘MMB2’ and ‘Top 
Rank’) are shown in Table 5. In addition, the column  
labelled ‘Highest’ shows the maximum correlation  
obtained by any metric and the column ‘Gain’ shows the 
increase in correlation factor due to customization of 
scoring function (by considering the highest value  

obtained). In the case of GEOM and GEOMX docking 
modes, customization does lead to larger improvements 
in correlation factors when post-docking protein flexibil-
ity is not included. However, the scoring function cus-
tomization does not marginally appreciate when PDPF is 
included in the docking protocol. In fact, in the case of 
GEOMX docking mode, the default scoring function 
yields better correlation than any of the metrics computed 
using customized scoring function when PDPF is included. 
Scoring function customization has maximal benefit on 
the correlations obtained for screening and default modes 
of docking with the inclusion of PDPF and core con-
straints (gain of 0.89 and 0.57 respectively). On the other 
hand, it has only modest impact on correlations obtained 
with scores from docking studies without incorporating 
PDPF. In addition, we have also examined the impact of 
increasing the number of refinement cycles (option  
‘-repeat’) in the scoring function optimization process. 
Changing this value from 5 to 10 and 25 did not seem to 
alter the correlation factors significantly (less than 0.05). 
In response to a suggestion made by one of the reviewers, 
we would like to add that the approach of tuning the scoring 
function (that is unique to Surflex-dock scoring function) 
for improving binding predictions can be applicable 
widely wherever appropriate amount of experimental data 
are available, but cannot be correlated directly to the com-
puted docking scores. Typically, pIC50 values are harder 
to correlate with docking scores compared to pKi values 
and in such cases, a customized and tuned scoring func-
tion would be especially useful in designing compounds 
belonging to specific chemotypes as enzyme inhibitors. 
 Based on the above reported analyses, we have chosen 
three of the customized scoring functions corresponding 
to (a) GEOM docking with core constraints and no PDPF, 
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Figure 8. Correlation plots between experimental pKi values of HIV-1 protease inhibition and ‘Default 
mode’ Surflex docking scores obtained with (a) Default, (b) GEOM_CC_NPF, (c) GEOMX_CC_NPF 
and (d) GEOMX_NCC_NPF parameters. The R-squared values of the trend lines of these distributions 
are also shown. 

 
(b) GEOMX docking with core constraints and no PDPF 
and (c) GEOMX docking with no core constraints and no 
PDPF. We have used these scoring functions to see if 
they will have any impact on the enrichments of actives 
discussed earlier. Figures 6 and 7 show the enrichment 
plots for the recovery of the actives obtained by the 
DEFAULT and GEOM modes of docking respectively. In 
each figure, the enrichment plots were obtained with the 
default scoring function and the aforementioned three 
customized scoring functions. The raw data correspond-
ing to these plots are given under ‘Supplementary Ma-
terial’, which shows the percentage of actives recovered 
in each percentage of the total database studied. 
 In these screening studies, as indicated earlier, no core 
constraints and PDPF were employed. It is seen that the 
usage of custom scoring functions derived from the poses 
of GEOMX docking with and without core constraints 
has positive impacts on the recovery of actives when the 
virtual screening is carried out using Default docking 
mode (Figure 6). Interestingly, in this case, the custom 
scoring function obtained from poses of GEOM docking 
have a somewhat negative impact on the enrichment 
compared to the default scoring function. Interestingly, 
all the four scoring functions show similar early enrich-
ments as seen by the steep rise in the plots from 0% to 2% 
of the databases screened. Interestingly, in the case of vir-
tual docking by GEOM docking method, the best enrich-
ment is obtained by the default scoring function, although 
the enrichments obtained by two of the three custom  
scoring functions are similar. The scoring function  

obtained from poses of GEOMX docking with core con-
straints leads to appreciable deterioration of enrichment 
in this mode of virtual screening. Thus, these studies in-
dicate the potential benefit of the customized scoring 
function on screening of actives when the faster default 
mode of docking is employed. This may not be entirely 
surprising since the GEOM mode of screening even with 
the default scoring function discriminates actives from 
the decoys reliably and the customization does not seem 
to contribute anything substantial to that behaviour. 
 In addition to the enrichment studies, we have analysed 
the effects of employing the customized scoring functions 
on the correlation between computed docking scores and 
experimental pKi values for a series of HIV-1 protease 
inhibitors whose activity values span more than four orders 
of magnitude (TESTSET2). The pKi values of the 71 com-
pounds in TESTSET2 range from 6.3 to 10.7 (Table 2). It 
may be noted that the stereochemistry at the four chiral  
carbon atoms in all these molecules is maintained in the 
configuration present in molecule 1 of TRGSET (Figure 1) 
in light of its highest activity. Their docking scores, also 
listed in Table 2, were obtained using the ‘Default’ mode of  
Surflex docking without incorporating any post-docking 
protein flexibility and core constraints. The docking experi-
ment was carried out in the spirit of high throughput virtual 
screening where the imposition of such additional con-
straints would not necessarily be practical. 
 The correlations between the experimental pKi and 
docking scores are illustrated in Figure 8. As observed in 
these plots, the R-squared values of the correlations are  
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improved from 0.26 (in the plot corresponding to default 
scoring function) to values greater than 0.5 upon the utiliza-
tion of the customized scoring functions. This observation 
is significant in light of the fact that the scoring functions 
were derived from a much simpler training set of molecules 
which do not have the range of substituents on the cyclic 
urea core as seen in TESTSET2 molecules. 

Conclusion 

We have presented Surflex docking studies in the active 
site of HIV-1 protease as a function of various docking 
parameters such as incorporation of protein flexibility, 
core constraints and docking accuracy levels. We have 
carried out customization of Surflex-dock scoring func-
tion using a training set of cyclic urea inhibitors whose 
binding affinities span a little over three orders of magni-
tude. We have demonstrated that such customization does 
lead to improvement in the correlation of docking scores 
with the experimental data. We find that the customized 
scoring functions are helpful in improving the correlation 
between docking scores and experimental binding affini-
ties for an external test set of HIV-1 protease inhibitors 
whose activities span more than four orders of magnitude. 
We have also demonstrated that in high-throughput  
virtual screening, the customized scoring functions have 
enhancing effects on the ability of the docking scores to 
recover active ligands seeded in a database of decoy 
molecules when lower accuracy docking methods are 
employed. The present study clearly illustrates the poten-
tial utility of scoring function customization in docking-
based approaches that are commonly used in drug dis-
covery workflows. 

Supporting information 

Raw data corresponding to the enrichment plots in Fig-
ures 6 and 7 are listed in Table 6 under Supporting Mate-
rial (available online), which shows the percentage of 
actives recovered as a function of the percentage of data-
bases ranked on the basis of total docking score. The 
three-dimensional coordinates of the ligands listed in  
Tables 1 and 5 are provided in structure-data (SD)  
formatted files. This material is available free of charge 
on the Current Science website. 
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