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To produce reliable predictions of bioactive conformations is a major challenge in the field of structure-
based inhibitor design and is a requirement for accurate binding free energy predictions with structure-
based methods. A series of HIV-1 reverse transcriptase inhibitors was cross-docked using a non-native
crystal structure that resulted in two distinct clusters of possible conformations. One of these clusters
was compatible with an existing crystal structure, whereas the other displayed a flipped heterocyclic
group. Binding free energies, using the non-native crystal structure, calculated from several scoring
functions, were similar for the two clusters, and no conclusion about the binding mode could be drawn
from these results. The two clusters could be separated through rescoring with the linear interaction
method (LIE) in combination with molecular dynamics simulations, which leads to a binding mode
prediction in line with experimental crystallographic data. Further, the LIE model produces the best
correlation between experimental and calculated binding free energies among the tested scoring methods.

Introduction

One of the great challenges in computer-aided ligand design
is accurate predictions of binding free energies. The collection
of methods to perform such predictions falls in two main
categories, nonstructure-based and structure-based, and this work
will deal with the latter type of approach. The structure-based
methods range from theoretically accurate, but very time-
consuming, methods like free energy perturbation,1 to more
approximate and faster methods such as knowledge-based and
empirical scoring functions.2–4 Here, we will focus on the faster
range of these methods, which are used in lead discovery and
lead optimization efforts. All structure-based affinity prediction
methods ultimately rely on a three-dimensional model of a
receptor in complex with the ligand of interest, and it is thus
essential to produce proper models of the bioactive complex
between receptor and ligand for high accuracy in the predictions.
A common strategy when the structure of the receptor is known
from, e.g., X-ray crystallography or NMR, is to use automated
docking to produce the necessary models of the protein-ligand
complexes for binding free energy calculations.5 In this work,
the impact of using different model structures of the protein is
investigated by comparing affinity predictions from different
X-ray crystal structures. This is of particular interest in the drug
design process when novel compounds are evaluated in a
receptor with known structure but where the receptor was
determined in complex with a ligand from another compound
class. In most such cases, the existing structural data will show
the binding of compounds that are not closely related to the
novel compounds, which may cause difficulties in determining
the bioactive conformations of the latter. Without accurate
models of the receptor-ligand complexes, the result from
structure-based affinity prediction methods are often irrelevant.

Two different structures of HIV-1 reverse transcriptase (HIV-
RTa) are used here to assess the importance of the protein model
in a docking and scoring approach. Thus, what is the impact of

cross-docking on affinity prediction? Initially, a set of scoring
functions are evaluated for their capacity to rank a set of ligands
according to affinity. The conventional use of scoring functions
is to score a single receptor-ligand complex for each compound,
and in addition to that, the impact of using scoring functions in
combination with conformational sampling is evaluated. Such
sampling can be done by, e.g., molecular dynamics (MD) or
Monte Carlo methods. The purpose is to generate an ensemble
of thermodynamically accessible conformations of the ligand
and from this ensemble calculate averages of the affinity
estimates. The concept of scoring ensembles has been investi-
gated previously,6–8 and this idea is further examined to assess
whether sampling can improve the relative ranking of the
inhibitors. In addition, the results from the scoring functions
are compared to a more rigorous technique, the linear interaction
energy method (LIE).9 The scoring functions and the LIE
method are evaluated to assess whether conformational sampling
can eliminate false positive conformations from a set of docking
solutions with very similar scores. Thus, can the sampling help
us discriminate between putative binding modes? The problem
with several possible binding modes may arise in a situation
where a docking program suggests two or more clusters of
solutions for an inhibitor. The proposed conformations have
comparable scores from the docking, and manual inspection of
the binding modes gives no structural rationale to rank one ahead
of the other. In an attempt to find a suitable method to
discriminate between binding modes, a test case was pursued
with the following properties: (i) a series of ligands with
available binding affinity data, (ii) structural data from the ligand
series must be available to confirm the predicted bioactive
conformations of the ligands, (iii) affinities of the ligands in
the series should span several magnitudes, and (iv) the ligands
should be easy to dock and, at the same time, present two or
more distinct binding modes with similar scores.

A system possessing all of the aforementioned features is
provided by HIV type 1 reverse transcriptase. The protein has
been extensively studied with an abundance of structures
available10–13 and with numerous inhibitor series with corre-
sponding binding affinity data.14–17 Inhibitors of HIV-RT are
classified into two groups: the nucleoside and the non-nucleoside
RT inhibitors (NNRTIs). The NNRTIs are generally small, rigid
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molecules that are fast to dock, and some of these may be
docked in two conformations related by a 180° rotation of a
ring moiety. In a study performed by Benjahad et al.,14 the
authors hypothesized two different binding modes of an inhibitor
series before determining the correct conformation by X-ray
crystallography (Figure 1). The X-ray structure was deposited
in the Protein Data Bank (PDB) with code 2BAN, and contains
HIV-RT in complex with compound 62 (see Table 1).10 The
compounds in the series studied by Benjahad et al. are
chemically related to the HIV-RT inhibitor 1 (MKC-442,
Emivirine),18 whose binding conformation was determined in
the crystal structure with PDB code 1RT1.18 These two
compounds bind in analogous conformations, which ensures
major shape complementarity of the binding site in the two
structures. Figure 1 shows the similarities of 62 and 1, together
with a superposition of the two ligands in their respective crystal
structure. It is evident from the figure that the binding sites of
the 1RT1 and 2BAN protein models are very similar, yet they
contain a few important differences. The pocket is wider in
1RT1 on one side to accommodate the methyl-ethylether
substituent on the pyridinone ring of 1. This is accomplished
by an increase in the distance between Pro236 and Val106 from
5.4 Å in 2BAN to 7.0 Å in 1RT1. On the other side of the
pocket, the situation is inverted; in 2BAN, the pocket is widened
compared to 1RT1 to accommodate the methyl-ethylether
moiety of 62. This is accomplished by shifts of Glu138 and
Pro95, together with neighboring residues, of over 1.4 Å.

The ligand series published by Benjahad et al. and the two
crystal structures, 2BAN and 1RT1, will serve here as a test
case to evaluate different methods to distinguish between
putative binding modes. The ligands were previously docked
and LIE scored in 2BAN with good results,19 and the focus
here will hence be on the cross-docking and scoring with the

1RT1 model. Initially, the ligands are docked in the two
structures, and the results are analyzed for a consensus binding
mode among the obtained solutions. Next, the docking solutions
are scored with a variety of scoring functions, and the binding
free energies are correlated to experimental IC50 values and to
molecular weight.

Methods

A set of 34 HIV-RT inhibitors14 were docked using GOLD3.020,21

in two crystal structures with PDB codes 2BAN and 1RT1. The
studied inhibitors are a series of benzylpyridinone derivatives, which
are shown in Table 1. The binding site was defined using GOLD’s
flood fill option in a 10 Å radius sphere around one hydrogen bound
to Cδ1 in Leu100 pointing into the cavity. Each ligand was docked
20 times, and the best 15 conformations were saved. The maximum
number of operations in each docking was set to 200000, and the
remaining parameters were kept at their default values. Scores from
the Goldscore scoring function were extracted from the dockings,
as indicated by instructions on the Cambridge Crystallographic Data
Centre Web site, where the strongest correlation with relative free
energies of binding is achieved by scaling the contributions
according to Shb-ext + 1.375 × SvdW-ext.22 For the Chemscore
function implemented in GOLD, the estimated free energy of
binding was extracted directly from the “Gold.Chemscore.DG”
feature in the corresponding output file. Relative binding free energy
estimates were compared to experimentally measured IC50 values14

through the equation

∆Gobs )RTln(IC50)+ c (1)

where c is a constant23 (c ) -RT ln[1 + S/KM]) that does not
affect the relative free energies because the IC50’s were measured
using identical assays.

Additional binding free energy estimates were calculated using
three scoring functions implemented in the molecular dynamics
package Q,24 Chemscore, X-score, and PMF. The three scoring
functions are described in detail elsewhere.25–27 Goldscore, Chem-
score, and X-score are empirical scoring functions that are linear
functions of separate contributions (e.g., h-bonds, van der Waals).
The weights on the different contributions have been determined
by linear regression. PMF is a knowledge-based scoring function,
which in contrast to empirical scoring functions has been derived
from crystallographic data and does not rely on fitting to observed
affinities.27 In PMF, radial distribution functions were derived for
atom type pairs from the crystallographic data and distance
dependent interaction energy functions were calculated from the
distributions.

Molecular dynamics simulations and LIE calculations were
performed with the software package Q.24 The MD simulations
were conducted in a 18 Å radius sphere, centered on the backbone
carbonyl of Lys101. Ionizable residues close to the ligand were
charged, and residues close to the boundary edge were made neutral.
The charged residues were Lys101, Lys102, Lys103, Lys104,
Glu138, Asp237, Asp192, and Glu194, which left the total net
charge of the sphere to be zero. The sphere was solvated with TIP3P
water28 and slowly heated to 310 K. The system was equilibrated
for 150 ps at 310 K to allow full relaxation of the system before
snapshot collection. The collection phase was 650 ps with a 1.5 fs
time step, and snapshots of the configuration was saved every 1.5
ps. Water molecules at the sphere boundary were restrained to
mimic the dipole distribution of bulk water through the SCAAS
model,29 and the SHAKE algorithm was used to constrain the
geometry of the water molecules and solute bonds involving
hydrogens.30 The nonbonded cutoff was set to 10 Å for all atoms,
with the exception of ligand atoms, for which no cutoff was applied.
Beyond the cutoff, long-range electrostatic interactions were treated
using the local reaction field (LRF) multipole expansion approxima-
tion.31 Simulations of the ligands in the free state were performed
under similar conditions in a sphere of water.19 Partial charges were
assigned according to the OPLS-AA force field,32 with the exception
of the R1 and R2 groups in compounds 67, 68, and 70. As no OPLS-

Figure 1. (A) Superposition of the NNRTI binding site in the 1RT1
and 2BAN crystal models of HIV-RT. The protein and ligand (1) in
1RT1 are represented by magenta and orange sticks, respectively. 2BAN
and its corresponding ligand, 62, are show in green and cyan. The major
difference between the two ligands is the two ether moieties protruding
from the pyridinone core in opposite directions. This difference is
reflected in the two protein structures, where V106 and P236 are moved
apart in the 1RT1 structure and E138 and P95 are moved apart in
2BAN. (B) Structures of the ligands from the 1RT1 and 2BAN crystal
structures, respectively.
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AA charges were available for these groups, they were derived using
the RESP scheme.33

The LIE method was used to calculate binding free energies
from the MD simulations.9,34 The method is a semiempirical
scoring function based on linear free energy relations. Ligand-
surrounding energies (l-s) were extracted from the collection
phase MD trajectories, and binding free energies were calculated
according to

∆Gcalc )R∆〈Vl-s
vdW〉 + �∆〈Vl-s

el 〉 + γ (2)

where 〈 〉 denotes averages of the van der Waals (vdW) and
electrostatic (el) interaction energies. The ∆’s represent the differ-
ence of the average interaction energies between the free and the
bound states. The parameter R has been empirically determined to
0.18,34 and � is a theoretically derived parameter that varies
depending of the chemical nature of the ligand; for neutral ligands
containing no hydroxyl groups, � ) 0.43 was used, and for neutral
ligands containing one hydroxyl group, � ) 0.37 was used.34 The
constant offset γ was set to minimize the rms error between the
experimental and the calculated relative binding free energies
estimated for the correct conformations. The same set of parameters
was used to calculate binding free estimates for the correct and
wrong conformations.

Performances of the different scoring functions were assessed
by comparing the Pearson’s correlation coefficient of the experi-

mental and calculated binding free energies. The Pearson coefficient
is calculated as

r)
∑

i

(∆Gi
obs -∆Gi

obs)(∆Gi
calc -∆Gi

calc)

�∑
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obs -∆Gi

obs)2∑
i
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calc -∆Gi

calc)2
(3)

where ∆Gobs and ∆Gcalc represent the mean values of the observed
and calculated binding free energies, respectively. The square of
the Pearson coefficient is a measure of the fraction of the variance
explained by the model relative to the total variance. In the Results
Section, r values will be reported to account for negative
correlations because r2 does not provide information about the
sign of the relationship. By using the Pearson coefficient as a
quality measure, we allow a scoring function to predict relative
values. Thus, a perfect correlation can be achieved, but with
the wrong slope. In practice, this means that linear regression
is performed on the calculated binding free energies to fit a line,
∆Gobs ) a ∆Gcalc + b. If strong correlation is achieved with a *
1, it can be viewed as a measure of the best correlation that the
model could achieve if it would be reparameterized with an
external variable on the given data. The scoring functions
described here should give positive correlation with experimental
data except Goldscore, which was designed to produce negative
correlation (i.e., higher score means more negative binding free
energy).

Table 1. NNRTIs Used in This Work and Their Experimental IC50 Values (µM)14a

R1 R2 R3 IC50

36 H CHO 3,5-diCH3 0.079
37 H CH3 3,5-diCH3 0.010
38 CH3 C2H5 3,5-diCH3 0.008
39 CH3 C3H7 3,5-diCH3 0.016
40 CH3 CH(CH3)CH2OCH3 3,5-diCH3 0.006
41 CH3 (CH2)3SCH3 3,5-diCH3 0.025
42 CH3 CH2CH2OCH3 3,5-diCH3 0.002
43 CH3 (CH2)5OH 3,5-diCH3 0.004
44 H COCH3 3,5-diCH3 0.398
45 H COC2H5 3,5-diCH3 3.981
46 H COC3H7 3,5-diCH3 100
47 H C2H5 3,5-diCH3 0.016
48 H C3H7 3,5-diCH3 0.020
49 H C4H9 3,5-diCH3 0.126
50 C2H5 C2H5 3,5-diCH3 0.016
51 C4H9 C4H9 3,5-diCH3 50.119
52 H CH2C6H5 3,5-diCH3 0.251
53 CH2C6H5 CH2C6H5 3,5-diCH3 100
54 (CH2CH2)2O (CH2CH2)2O 3,5-diCH3 0.158
55 (CH2)5 (CH2)5 3,5-diCH3 0.631
56 -CHdCH-CHdCH- -CHdCH-CHdCH- 3,5-diCH3 0.0126
59 CH3 (CH2)2OH 3-CH3 0.005
60 CH3 (CH2)3OH 3-CH3 0.003
61 CH3 (CH2)5OH 3-CH3 0.010
62 CH3 (CH2)2OCH3 3-CH3 0.001
63 CH3 (CH2)2OC2H5 3-CH3 0.013
64 CH3 CH2CN 3-CH3 0.004
65 CH3 (CH2)2CN 3-CH3 0.016
66 CH3 (CH2)3CN 3-CH3 0.005
67 H NH-CS-NHC2H5 3-CH3 25.119
68 H NH-CS-NHC6H5 3-CH3 3.162
70 H NH-CS-NH2 3-CH3 0.316
77a CH3 C2H5 3-CH)CHCN 0.001
77b CH3 (CH2)2OCH3 3-CH)CHCN 0.001

a The naming of the inhibitors has been adopted from ref 14.
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During the data analysis, different r values were estimated for
varying number of data points, creating the need to account for
each r value’s significance separately. The significance of each r
value was estimated by performing a null hypothesis t test, where
the t value was calculated from

t) r� n- 2

1- r2
(4)

Here, n is the number of degrees of freedom, in this case the number
of data points. The null hypothesis was tested at the confidence
level of Rconf ) 0.01 for all r values. The lowest value of r at any
given size of the data set can be estimated by

r)� t2

(n- 2+ t2)
(5)

where t is the Student’s t test value at n - 2 degrees of freedom
and n is the number of samples.

Results

Docking in Two Crystal Structures. The set of 34 chemi-
cally related HIV-RT inhibitors14 were cross-docked into the
X-ray model 1RT1,18 with the ligand and waters removed. Two
distinct clusters (binding modes) were found by the docking
program, related by a 180° flip (see Figure 2). The docking
program was not able to provide a consensus solution valid for
all the ligands in the series regarding the binding mode. Both
the Goldscore and Chemscore fitness functions implemented
in GOLD3.0 were used, and neither of them was able to present
a consensus solution. The two modes will hereafter be referred
to as the correct and the wrong modes (see Figure 2), depending
on the alignment with the ligand of the crystal structure with
PDB code 2BAN. The 2BAN structure is an X-ray model of
HIV-RT cocrystallized with one of the ligands in the docked
set, 62, and the assumption is made that these chemically closely
related ligands will bind in a conserved mode. Hence, the mode
that superimposes with the ligand in 2BAN is called correct,
and the flipped mode is called wrong. The assumption about a
conserved binding mode finds support in a number of published
structures of HIV-RT, where a carbonyl oxygen is oriented in
the direction of Glu138, just as in the correct mode (e.g., 2BE2,
2B5J, 1TKT, 1TKX, 1FK9, 1TKZ).10–13 In the wrong mode,
the pyridinone ring is flipped so that the carbonyl group is
directed toward Pro236. There are a few cases where there is a
carbonyl group in that position, but in all of those cases, there
is a carbonyl group oriented toward Glu138 as well (e.g., 1RT1).
The most convincing example of the conserved binding mode

is found in the structure with PDB code 2BE2, in which the
ligand is closely related to 2BAN. The pyridinone and the
(di)methylphenyl groups in 2BAN and 2BE2 are identical, but
they extend large substituents from the pyridinone ring in
opposite directions; in 2BAN, a large substituent is directed
toward Glu138, and in 2BE2, a large substituent is placed toward
Pro236 in a similar manner to 1 in 1RT1 (see Figure 1). Yet,
the pyridinone rings of the 2BAN and 2BE2 ligands are aligned
in the same orientation. Thus, even though the ligands in 2BAN
and 2BE2 have quite dissimilar substituents, the cores super-
impose perfectly in the two crystal structures.

Initially the ability of GOLD to find the accurate consensus
binding mode was assessed. When we compare the resulting
conformations from the Goldscore and Chemscore fitness
functions in the 1RT1 dockings, we notice slightly better results
from the Goldscore function (Table 2). Goldscore ranks the
correct mode ahead of the wrong for 50% of the ligands
compared to only 20% for Chemscore. Clearly, these dockings
are too ambiguous to suggest a consensus mode. When
analogous dockings were performed using the 2BAN structure,
a single consensus mode appeared (Table 2). The Goldscore
and Chemscore fitness functions rank the correct mode first for
100% and 97% of the ligands, respectively. As mentioned
earlier, the 2BAN structure is the structure of HIV-RT in
complex with 62, and the dockings performed with 2BAN can
thus be regarded as redockings, a situation where most docking
programs perform well.35 The dockings with 1RT1, on the other
hand, are cross-dockings, i.e., dockings to a structure modeled
from a complex containing a chemically unrelated ligand. It is
also interesting to note that redocking of 1 into the 1RT1
structure works perfectly, whereas cross-docking 1 into the
protein model from 2BAN gives two different conformations
as solutions (data not shown). The opposite is also true as the
results above have shown, i.e., redocking of 62 in 2BAN works
excellently, whereas cross-docking to 1RT1 does not. Thus, the
performance in cross-docking is generally much lower than in
redocking. However, cross-docking is a more realistic case
study, as it more reflects a true ligand design situation where
only structural information from other ligand series exists. The
parallel dockings with the two protein models illustrate the effect
of receptor flexibility in docking. Even though the difference
between 1RT1 and 2BAN is moderate (rmsd ∼1.31 Å for all
heavy atoms in a 7 Å sphere around the ligand, see Figure 1),
the two protein structures are dissimilar enough to affect rigid
protein docking considerably. When the 1RT1 structure was
used for docking, the program was not capable of finding a
consensus mode common to all ligands in the series. This is a
problem when it comes to ranking the ligands by affinity, as
the presence of several putative binding modes makes the
ranking less trustworthy.

Affinity Predictions from Scoring Functions. In addition
to the analysis of the docked conformations above, affinity
predictions and the relative ranking of the ligands were analyzed.
Affinity scores predicted from the dockings in 2BAN by
GOLD’s Chemscore function (GCS) are plotted in Figure 3 for
all inhibitors except 77a, for which neither the correct mode
nor the wrong was found, and 51 and 53. Compound 51 and
53 were left out in all affinity correlation estimations due to
difficulties in reproducing the experimentally observed affinity
with any of the binding free energy prediction methods. These
two ligands are predicted to bind more than 5 kcal/mol better
than that experimentally observed for all methods evaluated,
which clearly indicates they do not fit any model. These
characteristics could possibly be explained by the fact that the

Figure 2. Figure shows the correct (yellow) and wrong (white) docked
conformations of 62 together with the crystal structure conformation
(cyan) of 62, in wall-eyed stereo. In magenta, the 1RT1 X-ray structure
of HIV reverse transcriptase is displayed in surface representation, with
residues in the foreground left out for clarity. The correct and wrong
docking solutions were collected from dockings into the 1RT1 crystal
structure. Note the resemblance of the wrong conformation (white) with
the conformation of the native ligand in 1RT1, 1 (orange molecule in
Figure 1).
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observed IC50 values were measured on cells in vitro14 and may
not reflect inhibition to RT but may be caused by solubility
problems or interaction with other macromolecular species in

the cells. It is obvious from the scatter plot in Figure 3 that the
predicted affinities are not correlated with the experimental ones
(r ) 0.10, see Table 3). However, when the scores are plotted
versus molecular weight (MW), a statistically significant trend
emerges (r )-0.73), see Figure 4. To be statistically significant,
r should be |r| g 0.46 for 31 data points at Rconf ) 0.01. The
same trend is found for GOLD’s Goldscore function (GGS),
with no significant correlation between predicted and experi-
mental binding affinity (r ) -0.26) but with significant
correlation between predicted affinity and MW (r ) -0.66).
When the experimental affinities are examined, we do not find
a significant correlation with MW (r ) -0.24), as shown in
Figure 4. Thus, both GCS and GGS have a tendency to favor
large ligands over small in a manner that is not supported in
the experimental data. The experimental affinities do not display
any correlation with MW, and ranking based on MW will
therefore fail. Thus, the docking program is able to find the
correct binding mode for all ligands when the native protein
model 2BAN is used, but is not able to rank the ligands correctly
according to affinity.

Ranking the ligands based on the cross-dockings performed
with the 1RT1 model was found to be just as difficult for the
two scoring functions as with the 2BAN dockings. When the
scores from the best docked conformations for each ligand were
extracted from the GCS docking, a correlation of r ) -0.04
was achieved to the experimental values. The conformations
from these dockings were, however, a mix of the correct and

Table 2. Docking Results Using the 1RT1 and 2BAN Crystal Structuresa

1RT1 2BAN

Goldscore Chemscore Goldscore Chemscore

compound correct wrong correct wrong correct wrong correct wrong

36 1 - 12 1 1 - 1 6
37 1 - 1 - 1 - 1 -
38 1 - 1 12 1 14 1 -
39 1 7 10 1 1 - 1 -
40 - 1 4 1 1 13 1 -
41 3 1 - 1 1 - 1 -
42 1 13 - 1 1 - 1 -
43 11 1 - 1 1 - 1 -
44 1 3 - 1 1 - 1 -
45 - 1 - 1 1 - 1 -
46 - 1 - 1 1 - 1 -
47 1 13 4 1 1 - 1 -
48 12 1 7 3 1 - 1 -
49 11 1 - 1 1 - 1 -
50 1 - 1 - 1 4 1 -
51 1 13 1 2 1 - 1 -
52 - 1 - 1 1 - 1 -
53 - - 1 2 1 - 1 -
54 1 - 6 1 1 - 1 -
55 10 3 2 1 1 - 1 -
56 3 1 - 1 1 - 1 -
59 1 13 1 4 1 7 1 -
60 1 3 2 1 1 - 1 -
61 7 1 - 1 1 - 1 -
62 1 15 7 1 1 - 1 -
63 - 1 - 1 1 - 1 -
64 1 - 1 - 1 - 1 -
65 1 8 5 4 1 4 1 -
66 1 3 - 1 1 - 1 -
67 - 1 - 1 1 - 1 -
68 - - - 1 1 - 1 -
70 - 1 - 1 1 10 1 -
77a 15 13 11 1 1 - - -
77b 2 6 12 2 1 13 1 -

a The rank is given for the best docking solution found for each binding mode in the two protein models and for each scoring function. For example, when
compound 36 was docked in 1RT1, the first correct conformation was found in the top ranked solution with Goldscore, but only in the 12th best ranked
solution with Chemscore. A dash indicates that no solution was found for that particular mode. The table clearly shows that cross-docking the ligand set with
1RT1 is much more difficult than docking with the native 2BAN model.

Figure 3. Plot of estimated binding free energies from the Chemscore
function in GOLD vs experimental affinities. The binding free energies
were estimated from docking solutions in the 2BAN X-ray model.
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the wrong binding modes (see Table 2), and to be fair to the
scoring function, a subset containing only the 18 ligands docked
in the correct mode was selected. The correlation with
experimental affinities for this subset was (r ) -0.31). When
the GCS score values for the correct conformations from 2BAN
and 1RT1 are compared, a strong correlation is found, although
with a slight offset. Thus, the relative ranking is conserved
between the two protein models, even though the absolute values
are not the same. The reason for the offset is mainly due to the
lipophilic term in the scoring function which is always more
favorable for the 1RT1 scoring.

In the case of GGS, no correlation to experimental affinities
was found when the scores from the best cross-docked
conformations in were analyzed (r ) 0.01). In analogy to the
GCS analysis, a subset containing only the best correct docked
conformations were constructed. This subset contained 24
ligands and shows better correlation with experimental affinities
(r ) -0.55) (Figure 5). Note that GGS should give a negative
r in contrast to GCS. Although this seems like an improvement,
the r value is largely dependent on one influence point,
compound 55, and without it the r value drops to r ) -0.33. It
is interesting to note that the affinity predictions from GGS in
1RT1 and 2BAN do not show the strong correlation as the

corresponding values from GCS do, which implies that the
Goldscore fitness function is more sensitive to the conformation
of the protein than Chemscore.

It is evident from the cross-docking and ranking that GGS
and GCS are not able to separate between the correct and the
wrong binding modes in the 1RT1 protein model. The solutions
from the dockings were a mix of the two modes, and no
consensus binding orientation could be found. To find a better
procedure to rank the docked ligands and to find a way to
discriminate between the two modes in the cross-docking case,
additional affinity prediction methods were investigated for both
the correct and the wrong binding modes. Three different
scoring functions were used for this purpose; Chemscore,25

X-Score,26 and PMF,27 as implemented in the molecular
dynamics package Q.24 From the 2BAN dockings, the 32 correct
conformations were selected for affinity predictions with the
scoring functions. A subset of 14 ligands was extracted from
the 1RT1 dockings where at least one correct and one wrong
conformation were found as solutions by the docking program.
Thus, the best ranked correct and wrong pose were selected
for the compounds where such docking solutions were available.
The subset enables comparisons of the computed scores for the
correct and wrong conformation for each ligand to assess if
any consensus binding mode could be found. Figure 6 shows
scatter plots of the results from applying the scoring functions

Table 3. Computed Pearson’s Correlation Coefficients for Different Combinations of Scoring Functions and Protein Modelsa

1RT1 (rcalc-obs/rcalc-MW) 2BAN (rcalc-obs/rcalc-MW)

all subsetb correct subsetb wrong all

GCS -0.04/-0.80 -0.31/-0.55 0.10/-0.73
GGSc 0.01/0.39 -0.55/0.24 -0.26/0.66
QCS -0.30/-0.50 -0.28/-0.36 0.01/-0.58
PMF -0.19/0.06 -0.23/-0.27 0.28/-0.51
X-score -0.46/-0.22 -0.53/-0.28 -0.53/-0.43
LIE 0.79/-0.21 0.60/-0.30

a The tabulated values are coefficients for the correlation of estimated binding free energies to experimental binding free energies, and estimated binding
free energy to molecular weight for each combination of scoring function and protein structure. The correlation between experimental affinities and molecular
weight is r ) -0.24. b Different subsets were used, see text for details. c Note that Goldscore should produce a negative correlation coefficient, whereas all
the other scoring functions should produce a positive.

Figure 4. Plot of estimated binding free energies from the Chemscore
function in GOLD vs molecular weight (circles) and experimental
binding free energies vs molecular weight (diamonds). The estimated
values are from dockings in the 2BAN crystal structure. The dotted
line represents the least-squares fit line (r ) -0.73) and clearly shows
that larger ligands are generally ranked better. The experimental binding
free energies show no evident correlation with molecular weight.

Figure 5. Scatter plot of estimated free energies of binding from the
Goldscore function in GOLD from dockings in the 1RT1 model. Shown
in the figure are binding free energy estimates from the best ranked
correct conformations.
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on the docked poses from 1RT1, and the results are summarized
below in text.

The implementation of the Chemscore function in Q (QCS)
is analogous to the implementation in GOLD, and the affinity
predictions are hence very similar. In the case of the 2BAN
docked conformations, QCS displays no correlation with
experimental data (r ) 0.01), and just as with GCS, the
correlation with MW is high (r ) -0.58) and significant at Rconf

) 0.01. The 1RT1 subset of 14 data points gives a correlation
with experimental affinities of r ) -0.30. When the X-score
function was applied to the 2BAN conformations, a correlation
of r )-0.53 was observed between calculated and experimental
binding free energies, and the corresponding value for the 1RT1
subset values is -0.46. The PMF function produced a correlation
of r ) 0.28 for the 2BAN conformations and r ) -0.19 for
the 1RT1 subset. Thus, for the three scoring functions, QCS,
X-score, and PMF, no significant correlation was achieved with
experimental data. In fact, for the 1RT1 subset, all three scoring
functions produce negative correlation, indicating that good
binders are more likely to be ranked as bad and vice versa.

Further, the impact of using the three scoring functions in
consensus was investigated. The idea to combine scoring
functions to receive more robust scoring has been proposed
earlier with excellent results.36–38 However, we could not find
any combination of the three considered scoring functions that
gives a significantly improved correlation with the experimental
values. The best correlation was found for the combination
QCS+PMF, but it still gives a negative r value of -0.30. To
achieve any effect of combining different scoring functions,
these functions must perform reasonably well individually. In
this case, we cannot expect to attain acceptable results due to
the bad performance of the scoring functions when applied

separately. Any combination of the three scoring functions in a
linear model results in at least one negative coefficient, and the
predictivity of such a model must be considered very low
considering that the scoring functions were developed separately
and are each intended to have positive correlation with
experimental data. If the coefficients in the linear model are
restrained to be positive, the best model that can be achieved is
to use the offset (set to the mean value) as the only predictor,
with all linear coefficients set to zero.

Next, we tried to improve the scoring by sampling different
system configurations through MD simulations. The concept of
scoring a number of Boltzmann weighted snapshots was
introduced by Marelius et al.6 The idea is to generate a number
of thermally accessible configurations, score them, and use the
arithmetic mean. Furthermore, the MD simulations allows for
a relaxation of the protein-ligand complex, which might be
strained due to imperfect docking or implicit flexibility in the
docking algorithm. Only poses from dockings with the Chem-
score fitness function were selected for MD simulations. The
Goldscore fitness function has a very soft repulsion potential
to account for implicit flexibility and hence produces steric
clashes in the cross-docking case that are not suitable as starting
points for MD simulations. The docked complexes were
simulated for 450 ps, and a snapshot of the system was saved
every 1.5 ps. The snapshots were then scored and averaged.
Figure 7 show plots of the averaged scores, and the correlation
coefficients are shown in Table 3. From these results it appears
that none of the scoring functions are sufficiently close to the
correct values to benefit from sampling and averaging.

Scoring with the Linear Interaction Energy Method. The
HIV-RT inhibitors reported by Benjahad et al. were previously
docked into 2BAN by Carlsson et al. and subsequently ranked

Figure 6. Scatter plots of binding free energy estimates from Chemscore, X-score, and PMF vs experimental binding free energies, from left to
right. The circles and the diamonds represent scores from the top ranked correct and wrong pose, respectively. The estimates were calculated from
single, docked conformations in the 1RT1 crystal structure.

Figure 7. Scatter plots of binding free energy estimates from Chemscore, X-score, and PMF vs experimental binding free energies, from left to
right. The circles and the diamonds represent averaged scores from MD snapshots for the correct and wrong modes, respectively, in the 1RT1
crystal structure.
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using the LIE method (the calculated binding free energies for
the complete data set are shown in Figure 4 of the accompanying
paper).19 Carlsson and co-workers clearly showed that the LIE
method can be applied to this ligand set with excellent results
in the protein model cocrystallized with compound 62 (2BAN).
Here, the LIE approach was used to predict binding free energies
for the 14 ligands that possessed docking solutions in both the
correct and wrong modes in the crystal structure 1RT1. The
results from the MD/LIE calculations are displayed in Table 4
and show a significant difference in binding free energy between
the two modes (see Figure 8). The predictions for the correct
mode correlates well with experimental values (r ) 0.79), with
a mean unsigned error of 0.57 kcal/mol (rms error 0.71 kcal/
mol) and an R2 coefficient of 0.62 (Figure 8). The achieved
correlation is satisfactory considering that no reparameterization
of the general LIE model has been carried out and the data used
can therefore be viewed as an independent test set. The observed
correlation between the affinity prediction in the wrong mode
and experimental data is slightly worse (r ) 0.60) but, more
importantly, the LIE method predicts each of the ligands to bind
in the correct mode. The latter is true also for the compound
51, which was left out in the correlation analysis (data not
shown). For the other compound left out from the correlation

analysis, 53, the MD simulations fail in the correct mode due
to steric clashes, indicating that the binding pocket is too small.
On the basis of these LIE results, the prediction would be made
that the ligands bind in the correct binding mode.

By measuring the interaction potential energy from one
residue at the time to the ligand in both the correct and wrong
mode, the most prominent features determining the mode could
be elucidated. Interaction energies from the ligand to each amino
acid were extracted from the simulations and partitioned into
van der Waals and electrostatic contributions. The difference
for each residue between the correct and wrong modes were
calculated and resulted in a fingerprint for each ligand containing
information on what interactions are important for determining
the binding mode. When these fingerprints were analyzed, the
most striking feature found was the similarity in the van der
Waals interactions between the two modes. Thus, when two
conformations fit the binding site equally well the binding mode
is determined by electrostatics. This is probably a key as to
why the empirical and knowledge-based scoring functions fail
to differentiate between the modes; they lack proper electrostatic
descriptors. As a consequence of the importance of the
electrostatics, the interacting residues that determine the binding
mode are all situated around the pyridinone ring and not around

Table 4. Experimental and Computed Binding Free Energies of 14 Ligandsa

ligand-surrounding interactions (kcal/mol)d

compound ∆Gbind,obs (kcal/mol)b ∆G bind,calc (kcal/mol)c 〈V1-s
vdw〉p 〈V1-s

el 〉p 〈V1-s
vdw〉w 〈V1-s

el 〉w

36correct -10.1 -10.9 ( 0.2 -44.8 ( 0.1 -38.0 ( 0.5 -26.63 -45.09
36wrong -3.5 ( 0.6 -50.4 ( 0.1 -18.2 ( 1.3

38correct -11.5 -10.9 ( 0.0 -55.7 ( 0.1 -15.8 ( 0.0 -29.48 -26.37
38wrong -9.0 ( 0.4 -54.1 ( 0.0 -12.0 ( 1.0

39correct -11.1 -11.3 ( 0.1 -58.3 ( 0.1 -15.8 ( 0.3 -31.02 -25.98
39wrong -9.3 ( 0.3 -56.5 ( 0.3 -11.9 ( 0.6

40correct -11.7 -11.8 ( 0.3 -58.6 ( 0.4 -21.6 ( 0.6 -32.05 -30.19
40wrong -7.3 ( 0.3 -63.0 ( 0.3 -9.2 ( 0.6

47correct -11.1 -11.2 ( 0.9 -51.1 ( 0.9 -19.3 ( 1.8 -28.13 -27.81
47wrong -8.2 ( 0.2 -54.2 ( 0.2 -11.1 ( 0.3

48correct -10.9 -10.3 ( 0.1 -57.5 ( 0.1 -15.7 ( 0.2 -29.57 -28.4
48wrong -7.6 ( 0.4 -56.7 ( 0.5 -9.8 ( 0.8

54correct -9.6 -9.6 ( 0.1 -57.5 ( 0.0 -18.8 ( 0.1 -30.47 -32.76
54wrong -7.1 ( 0.4 -56.8 ( 0.0 -13.4 ( 1.0

55correct -8.8 -9.9 ( 0.1 -57.5 ( 0.6 -18.4 ( 0.1 -32.05 -30.86
55wrong -7.9 ( 0.2 -56.9 ( 0.4 -13.8 ( 0.3

59correct -11.8 -13.0 ( 0.1 -51.7 ( 0.0 -32.1 ( 0.3 -26.08 -38.4
59wrong -8.7 ( 0.1 -53.7 ( 0.1 -19.4 ( 0.2

60correct -12.1 -12.1 ( 0.1 -54.5 ( 0.3 -31.5 ( 0.1 -28.04 -40.52
60wrong -8.6 ( 0.1 -54.6 ( 0.4 -21.8 ( 0.0

62correct -12.8 -11.6 ( 0.0 -57.0 ( 0.1 -19.5 ( 0.0 -29.62 -29.03
62wrong -9.6 ( 0.0 -55.0 ( 0.0 -15.7 ( 0.0

65correct -11.1 -10.0 ( 0.2 -54.7 ( 0.1 -21.8 ( 0.4 -28 -34.67
65wrong -8.8 ( 0.0 -52.6 ( 0.0 -19.8 ( 0.1

77acorrect -12.8 -12.2 ( 0.2 -57.7 ( 0.6 -20.3 ( 0.2 -30.57 -28.15
77awrong -10.9 ( 1.0 -54.6 ( 1.9 -18.6 ( 1.5

77bcorrect -12.8 -12.6 ( 0.0 -59.3 ( 0.1 -26.2 ( 0.0 -32.27 -33.06
77bwrong -8.8 ( 0.1 -61.3 ( 0.3 -16.5 ( 0.1

a The computed values are from LIE calculations using the 1RT1 crystal structure. b Experimental relative binding free energies were calculated from
experimentally determined IC50’s using ∆Gbind,obs ) RT ln (IC50). c The values were calculated using a constant offset (γ) of -10.7 kcal/mol. d The calculated
average electrostatic 〈Vel〉 and nonpolar 〈VvdW〉 energies for ligand-surrounding (l-s) interactions. The subscripts p and w denote simulations of the ligand in
complex with the protein and free in water, respectively.
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the hydrophobic benzyl (or dibenzyl) moiety. The electrostatic
fingerprints are very similar for all ligands, and compound 38
will here serve as a representative example to explain the
differences in the two modes. Ligand 38 is a particularly good
example, as two of the substitutions on the pyridinone are of
equal size which makes the shape of the ligand very similar in
the two modes.

The fingerprint analysis showed that the single most important
residue for discriminating between the two modes is Lys103
(see Figure 9). In the correct mode, the carbonyl of the
pyridinone is oriented toward Lys103 and makes strong
electrostatic interaction to the charged amine. In the wrong
mode, the carbonyl is replaced by a methyl group and the
favorable interaction is lost. This leads to a total difference in
average electrostatic interaction energy of 14.5 kcal throughout
the simulations in favor of the correct mode. The amine nitrogen
of Lys103 maintains a distance of 2.8-4.5 Å to this carbonyl.
Much of the effect from Lys103 is counterbalanced by Glu138
which is situated 5.5-6.0 Å from the carbonyl during the
simulation (measured from Cδ in Glu138), but it is not as strong
as the interaction with Lys103. The total effect from these
interactions accounts for the major part of the difference in
binding free energy between the correct and wrong modes. The
solvation term is always more favorable for the wrong mode,
which indicates that the ligands have stronger interactions with
water molecules in the wrong mode, but these interactions are
compensated by protein interactions in the correct mode.

Discussion

Scoring functions and other fast methods to predict binding
affinities are well suited for the purpose of virtual screening
where new lead hits are sought after. However, when it comes
to lead optimization, these methods are too coarse-grained and
more accurate methods must be used. We have demonstrated
here that docking a homologous ligand series into an X-ray
structure created from a protein-ligand complex containing a
ligand from another series (cross-docking) is not an easy task.

In some cases, several docking solutions with equal scores will
emerge as possible candidates of the bioactive conformation.
To draw conclusions on how the ligand series binds to the
receptor affinity, predictions with increased accuracy must be
performed, and when the binding mode of the series has been
established, structural information can be extracted from the
calculations. This structural information can be used to improve
the lead compound, both in terms of increasing affinity or in
terms of changing properties of the ligand to improve the
ADME/PK profile, which can be done by removing or replacing
groups that are found not to be important for ligand binding.

One of the problems with finding the correct bioactive mode
of a ligand series is the low complexity of the scoring functions
used in docking programs. The scoring functions often lack
sufficient negative contributions from polar mismatches and
unfavorable desolvation, and sometimes even from steric
clashes, which lead them to be strongly correlated with
molecular weight. Bigger is not always better in the case of
homologous ligands in a lead optimization series, and to
overcome this problem, a higher level of theory must be used,
e.g., the LIE method. We find that the docking program GOLD
is very reliable in generating sufficient conformations. In the
case where a crystal structure cocrystallized with 62 (2BAN)
was used, GOLD was able to generate the correct conformation
and rank it in first place for practically all ligands. When a
crystal structure belonging to another ligand series (1RT1) was
used, the docking program was able to generate suitable
conformations but not rank them, resulting in an ambiguous
binding mode for the ligand series. This result is mainly due to
the subtle shape differences in the binding site of the crystal
structures; as mentioned above, the scoring functions are
primarily based on shape complementarity and the 1RT1 crystal
structure is modeled from a complex with a ligand that has larger
substituents on one side of the central pyridinone group and

Figure 8. Scatter plot of binding free energy estimates from LIE
calculations for the correct (circles) and wrong (diamonds) conforma-
tions. Docking solutions from cross-docking in the 1RT1 crystal
structure were used as starting structures in the MD simulations. Note
the excellent separation between the two modes in the estimates.

Figure 9. Shown here are two stereo figures of 38 in (A) the correct
conformation (magenta) and (B) the wrong conformation (cyan) in
complex with the 1RT1 model of HIV-RT. The two figures are
representative MD snapshots where the protein is color-coded in
green-white-yellow to show the computed difference in the electro-
static contribution the correct and wrong modes. Green residues favor
the correct mode and yellow favor the wrong mode.
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smaller substituents on the other. Thus, the binding pocket in
1RT1 is widened on one side and reduced on the other compared
to 2BAN, and these shape differences have substantial impact
on the docking. The results from the dockings are in line with
Warren et al.,35 who found that docking programs generally
are capable of generating poses close to crystallographically
determined conformations but have difficulties in ranking the
correct conformation in the top position. In this situation, the
question of a consensus binding mode arises. When it comes
to ranking the ligands relative to each other according to binding
affinity, the results found by Warren et al. were discouraging.
They found that none of the tested scoring functions were able
to rank ligands by affinity in a useful way. We evaluated four
scoring functions to rank the ligands and came to a similar
conclusion.

It was clear that we needed additional complexity in our
model to succeed in ranking the ligands. One way of doing this
is to use conformational sampling on the protein-ligand
complex and score different configurations of the system. The
sampling was intended to allow steric clashes from the docking
to relax and to average out peaks and valleys in the scoring
energy landscape. Improvement by conformational sampling has
been observed earlier, and it has the advantage of faster
convergence than force field energy based methods like the LIE
method. In contrast to the work presented here, Gutiérrez-de-
Terán et al. showed that conformational sampling contributed
a substantial improvement to the relative ranking of nine malaria
protease inhibitors.8 The sampling increased the correlation
coefficient, r, from 0.66 to 0.82 with X-score. In this case, there
was a correlation between MW and observed binding affinity
(r ) -0.58), but the achieved correlation between predicted
affinities from X-score and MW was close to a perfect fit (r )
-0.97) when a single conformation was scored per inhibitor.
The sampling improved the quality of the predictions from
X-score both by increasing the correlation with experimental
values and at the same time by decreasing the correlation with
MW (r ) -0.90). Still, the correlation to MW was higher than
the correlation to observed affinities, which shows that the
scoring function is strongly biased to favor large ligands. Affinity
predictions calculated from the same MD simulations using the
LIE method had a correlation with MW in the same region as
the experimental values and at the same time good correlation
with experimental affinities (r ) 0.89). In contrast, conforma-
tional sampling did not improve the scoring of the present HIV-
RT ligands as it did with the malarial protease inhibitors. The
reason for this might be the small structural changes between
the ligands and the strong shape complementarity to the protein
for all ligands.

When the level of theory was raised another step to include
MD/LIE calculations, we were able to achieve consistent results
regarding the binding mode. The predicted binding free energies
from the LIE method were consistently in favor of the correct
binding mode, and the obtained relative free energies were in
close agreement with experimental data. Furthermore, the MD
simulations were also able to produce a sound rationale as to
why LIE predicts the correct binding mode to be the most
favorable. According to the simulations, Lys103 plays a crucial
role in the alignment of the pyridinone ring of the ligands and
Lys103 is also found to be an important factor in the affinity of
the ligands to the protein. The importance of Lys103 is also
illustrated by the fact that problems with resistance to pyridi-
none-based compounds may arise from Lys103 mutations.39

The procedure employed here can be used to predict binding
modes of novel classes of compounds when the outcome of a

docking procedure is ambiguous. Benjahad et al. attempted to
predict the binding conformation of 62 by molecular modeling
and a minimization protocol, but they were not successful in
finding a trustworthy solution. Instead, they decided to solve
the problem by X-ray crystallography resulting in the 2BAN
model.10 The method presented herein could thus have been
used to correctly predict the binding mode of the compound
series without the need of a new crystal structure, and the
combination of docking and affinity predictions with the LIE
method can thus save valuable resources in lead optimization
projects.
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