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We demonstrate that using an all-atom molecular mechanics force field combined with an implicit solvent
model for scoring proteirligand complexes is a promising approach for improving inhibitor enrichment in

the virtual screening of large compound databases. The rescoring method is evaluated by the extent to
which known binders for nine diverse, therapeutically relevant enzymes are enriched against a background
of ~100 000 drug-like decoys. The improvement in enrichment is most robust and dramatic within the top
1% of the ranked database, that is, the first thousand compounds; below the first few percent of the ranked
database, there is little overall improvement. The improved early enrichment is likely due to the more realistic
treatment of ligand and receptor desolvation in the rescoring procedure. We also present anecdotal but
encouraging results assessing the ability of the rescoring method to predict specificity of inhibitors for
structurally related proteins.

1. INTRODUCTION their ability to reproduce ligand binding poses or affinities;
however, none of them is able to predict experimental

Structure-based virtual screening, also referred to as small-bin ding free eneraies accurately in all situatiéh@® Several
molecule docking, orients and scores small molecules from ng 9 Y o
studies have also evaluated the rate of “enrichmetité

large chemical databases (typically tens or hundreds of thous-, ) . . .
. increase in the proportion of active compounds found in

ands of compounds) for complementarity to a macromolecu- : . .
selected subsets from docking calculations compared with

lar binding site. The results from virtual screening can be . A :

A . L the proportion expected from random selectiabtained
used to prioritize compounds for experimental testing in a using various scoring functions and docking alaoritins
cost-effective fashiof;® numerous studies have used such Thg . fund 9 tal that thg 9 i
an approach to identify novel inhibitors for various protein eré IS no fundamental reason that theé same scoring

function must be used to both select the correct binding pose

targetst—13 ; . ) ) .
g for a ligand and rank ligands with respect to their estimated

Despite these successes, docking remains a challengin%. . L . : X .
. X - ' . o . inding affinities. It is possible to define two-step strategies
field in structure-based drug design. The critical issues that decouple these two procesi¥:242628 The second

include the methods for exploring the conformational space stage, used to rank the compounds, may then use a more

of the flexible ligands (sampling) and the estimation of computationally intensive scoring procedure, because it is
binding affinities for ligand-receptor complexes (scoring). P Yy ing p X :
applied only to single poses of ligands. Molecular-mechanics-

The scoring function is used both to identify the correct based scoring functions have been applied in a second stage
binding orientation and conformation (docking pose) out of . 9 u . . pplied : 9
of this type to “rescore” docking results, either to improve

enormous numbers of alternative modes for each ligand andthe ability to reproduce crvstalloaraphic binding p34es

to rank different ligands with respect to their estimated ¢ Y K I'pands N ;’ it gl .fcreen'n go[r)]té‘)&7

binding affinity. Therefore, to dock a large compound library, l?'r 0 reran d '9 h ! h Vl:I) u | ng | I' .

a scoring function has to be simple, fast, and derived from owever, to date, there has been no large-scale evaluation
of the ability of such scoring functions tenrich known

: %Tﬁ(lecni:Iyar\?:iT;)QI&elbslioer?nuazj)r?(;tions can be divided into binders among large numbers of decoys. Enrichment is
y g gualitatively more challenging than simply reproducing

Ep(r)%aogﬁifffs'er]:?ri(izglel(cei'basgfjeng'gﬁ d [()s(ﬂdcell;lggi dAU' crystallographic poses, in terms of both the demands on

knowledge'—based p(e g Pl\./IgF” and SMJEY Forcé—field— algorithmic efficiency and the accuracy of the scoring

based scoring methéd; attempt to approx.imately Calculatefunction. In evaluating a scoring function, it is also important
to use a diverse set of binding sites, each of which challenges

tsi%r?rformclt?éirsagg?;nenaergrfste'? ctc?:ﬁi?i/esrg?smt.) Efirtrt]ipr):n(;gl the scoring function in different ways, because of differences
9 P y 9 in chemical composition and conformation.

many crystal complexes with known binding affinities. :
Knowledge-based functions are derived from a statistical Other methods related to the work reported here, in terms
of the use of molecular mechanics energy functions, include

analysis of the interaction distances among different pairs free-energy perturbation (FEP), thermodynamic integration
of atom types in cocrystallized proteiitigand structures. (T1), one-window free energy grid (OWFEG), mining

Typically, scoring functions have been evaluated by testing minima. and molecular mechanics Poiss@oltzmann/
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Table 1. Measures of Enrichment of the Known Inhibitors for Nine Enzyme Systems Achieved by Docking Alone (D) and the Rescoring
Procedure (B)

% of ranked % of ranked number number
database database where of known of known
needed to find maximum maximum inhibitors found inhibitors found
number  25% of known enrichment enrichment factor in top 0.1% of in top 0.5% of
PDB of known inhibitors factor achieved occurred ranked database ranked database
enzyme code inhibitors D R D R D R D R D R
DHFR 3dfié 117 0.3 0.3 111 204 0.1 0.1 15 25 34 32
DHFR (mod)  3dff* 100 0.3 0.1 110 239 0.1 0.1 13 25 31 32
GART 1c26° 50 0.9 0.8 46 159 0.3 0.1 0 8 8 12
AR lah3® 722 35 4.0 8 12 2.0 0.1 6 9 19 33
PARP lefy’ 45 4.6 2.3 6 11 5.2 3.8 0 0 0 2
PNP 1b86&° 25 1.2 0.1 60 358 0.2 0.1 1 9 3 11
SAHH 1a7&° 37 2.1 1.8 14 19 1.3 2.0 0 0 0 0
thrombin 1ba® 243 4.2 0.8 25 49 0.1 0.1 6 13 21 58
AChE 1e66t 554 5.0 5.1 21 25 0.4 0.1 5 13 59 30
TS 2bbd? 171 15 0.5 25 52 0.3 0.1 3 9 19 44

a Abbreviations: AR, aldose reductase; DHFR, dihydrofolate reductase; GART, glycinamide ribonucleotide transformylase; PARP, poly(ADP-
ribose) polymerase; PNP, purine nucleoside phosphorylase; S&tdienosylhomocysteine hydrolase; AChE, acetylcholinesterase; TS, thymidylate
synthase. DHFR (mod) refers to excluding 17 inhibitors with known problems (prodrugs, incorrect tautomerization, and parametrization failure),
as discussed in the text.

absolute, binding free energy of a series of docked lig&héfs. one test case (DHFR), we suggest some reasons for this
However, these methods are computationally expensive andbehavior, which reflects many factors in addition to the
have generally been applied only to dozens of compounds.quality of the scoring function.
By limiting the sampling performed during the molecular  Wwe also present anecdotal but encouraging results assess-
mechanics rescoring stage to simple minimization, we are ing the ability of the rescoring method to predict specificity
able to apply it to tens or hundreds of thousands of ligands of inhibitors for structurally related proteins.
using a small Linux cluster.

In our previous work, a similar docking and rescoring 2. METHODS
approach was shown to improve the ability to identify
substrates ofo-f barrel enzymes by virtual metabolite ~ Molecular Docking. We use the test set of McGovern
screening® However, those enzymes have small and highly and Shoichet, containing nine therapeutically important
charged binding sites, which is not the case for most drug €nzymes (Table 1). Briefly, each protein was prepared for
targets. Here, we demonstrate that an all-atom moleculardocking in the same manner as previously describ&gdnen
mechanics force field (OPLS-AA), combined with an implicit cofactors were present, they were treated as part of the pro-
solvent model (Generalized Born, GB), can be used to enrichtein. The molecular solvent-accessible surfaeeas calcu-
known inhibitors of a diverse set of therapeutically relevant lated with the program DM3 using a probe radius of 1.4
enzymes. Specifically, the maximum enrichment factors A. Polar hydrogens were added to the proteins using
observed increased for all nine of the test cases, by up to aSYBYL.** Matching spheres, required for initial placement
factor of 6. The improvement in enrichment is most robust Of the ligand during database screening, were obtained from
and dramatic within the top 1% of the ranked database, thatthe position of the crystallographic ligand using the program
is, the first thousand compounds. The improved early SPHGEN:*A “coloring” schemé® was applied to individu-
enrichment is likely due to the more realistic treatment of ally label the matching spheres on the basis of their hydro-
ligand and, especially, receptor desolvation in the rescoring gen-bond properties and the charge states of nearest neigh-
procedure; the fully flexible minimization of the ligands in  boring atoms in the protein binding site. Four different types
the receptor during the rescoring stage may also contributeof grids were generated before the docking calculations, in-
to the improved enrichment. To our knowledge, this work cluding an excluded volume grid obtained from DISTMAP,
represents the most extensive test to date of the utility of ana united AMBER-based van der Waals potential grid com-
all-atom force field/implicit solvent model scoring function ~puted by CHEMGRID!! an electrostatic potential grid calcu-
in the context of high-throughput virtual screening. lated using DelPHiZ and a ligand desolvation grid computed

Although the rescoring method improves enrichment the using SOLVMAP (B. K. Shoichet, unpublished results).
most within the top 1% of the ranked compound database, The program DOCK 3.5.54 was used to dock the MDL
in all cases, known inhibitors are enriched significantly Drug Data Report (MDDR) database into the protein binding
relative to random selection throughout at least the top 20% site#344DOCK 3.5.54 implements an alternative method of
of the ranked database. This behavior may be important if whole-molecule-based dockitg®4>47 to sample the ligand
the method is to be used in combination with high-throughput conformational space, where ensembles of precalculated
experimental screening methods. In four of the nine test conformers from conformationally expanded databases are
cases, the rescoring method robustly improves enrichment,used to significantly speed up docking calculatiéh3o
relative to docking alone, well beyond the top 1% of the sample ligand orientations, the bin size for both receptor and
ranked database. In the other test cases, however, the resultiggand was set to 0.4 A and the overlap bin size was set to
of the docking and rescoring methods are roughly comparable0.3 A. A distance tolerance (dislim) of 1.5 A was applied
beyond the top 1%. By carefully analyzing the results for for matching the ligand to the spheres, and ligand orientations
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Scheme 1.Refinement and Rescoring Protatol

[ output from DOCK 3554 |

l

/ Ligand Parameterization \

Minimize complex in GB Minimize ligand in GB Minimize receptor in GB
solvent (rigid receptor) solvent solvent (rigid receptor)
ER" E" E® (constant)

Binding Energy (OPLS-AA, GB solvation model)

Epna = EXV — Y _ ER

@ The superscript R refers to the free receptor in solution, L refers to the ligand in solution, and RL refers to the-figat@incomplex in
solution.Eping is the predicted ligand binding energy, the free receptor energy in solEf)ris(a constant values® is the energy of the free ligand
in solution, andER- is the energy of the liganeprotein complex in solution.

were rejected if the color of a ligandeceptor pair did not  using a self-consistent procedure that increases the compu-
match. For each ligand orientation, the conformational tational expense, relative to vacuum, by only a small factor
ensemble was filtered for steric complementarity using (~3). The termination criterion for the minimization was
DISTMAP with polar and nonpolar close contact limits of determined by the root-mean-squared gradient and the
2.3 and 2.6 A, respectively. Ligand conformations are scored maximum number of truncated Newton (TN) steps with
on the basis of the docking total enerd@sto{ = Ecie + Evaw default values of 0.001 kcal/mol/A and 65, respectively.
— AGijg-son), Which is the sum of electrostati&de) and van Cutoffs for the nonbonded interactions are residue-based and
der Waals E,q) interaction energies corrected by the ligand depend on the type of side chain (charged or neutral). We
partial desolvation energyAGiy—son). This precalculated — employ fixed absolute cutoffs (long-range cutoffs) of 30 A
atomic desolvation penalty was from AMSOL, as previously for charged-charged residue pairs, 20 A for chargetutral
described?® and the partial desolvation penalty was based pairs, and 15 A for neutraineutral pairs, with no smoothing.
on the fraction of surface area buried by the receptor for The short-range cutoffs for chargedharged residue pairs
each ligand atom (B. K. Shoichet, unpublished results). Final are 15 A, and for all other pairs, they are 10 A. The long-
energies were computed after 25 steps of rigid-body mini- range interactions are updated during every fifth outer cycle
mization. Then, a single docking pose with the best total of the TN minimization.
energy score was saved for each docked molecule. For Each protein was prepared for ligand rescoring using the
ligands with multiple protonation states, only the best scoring same procedure. The same protein structure file used in the
version was retained for further consideration. docking was used for rescoring. When cofactors were
Molecular Mechanics Rescoring.The top 25% of the present, the program IMPACTwas used to generate OPLS
ranked database from the docking was submitted to ourforce field parameters for it. Hydrogen atoms were added in
rescoring protocol. As discussed in the Results, this thresholdstandard geometries as defined by the OPLS force field using
was chosen because the docking algorithm typically ranked PLOP. The positions of hydrogen atoms on OH and SH
most known binders within the top 25% of the database. groups were determined as the lowest energy state by
All energy minimizations were performed using the Protein scanning the hydrogen dihedral angles atib@ervals using
Local Optimization Program (PLO®) 5! with the all-atom the OPLS force field with GB solvation, followed by energy
OPLS force field (OPLS-AA¥53and the Surface General- minimization of all hydrogen atoms. The resulting protein
ized Born (SGB) implicit solvent modé&t:>> PLOP imple- structure was used for generating ligamitotein complexes
ments a multiscale truncated-Newton (MSTN) minimization for the rescoring step. Note that all heavy atoms were held
algorithm. This algorithm is described in detail elsewh®re; fixed during this receptor preparation procedure.
because it is critical to the success of this work, we briefly ~ The rescoring procedure for a single proteligand
summarize the results here. The algorithm is adapted fromcomplex is shown in Scheme 1. The first step is to generate
TNPACKS5” and optimized by applying multiscale methods, OPLS force field parameters for each ligand using IM-
analogous to those used in molecular dynamics (e.g.,PACT > after which the coordinate and parameter files are
r-RESPA)%® The molecular mechanics forces are divided into passed to PLOP. The proteitigand complex and the free
short- (bond, angle, torsion, and local nonbonded) and long-ligand were then submitted to energy minimization in a GB
range components, with the long-range forces updated onlysolvent. The binding energ¥gin = ER- — E- — ER ) was
intermittently (never during the inner TN cycles and infre- calculated by subtracting the energies of the free ligand in
quently during the outer cycles). The speedup of MSTN solution E") and the free protein in solutiorEf) from the
relative to the unmodified TNPACK algorithm depends on ligand—protein complex’s energy in solutiofEt:). In this
system size and the distance cutoffs used for defining thework, the protein was kept rigid during minimization of the
short- and long-range interactions and the long-range forceligand—protein complex to reduce the computational ex-
updating frequency, but it is a factor of 4.@.5 faster with pense. However, in other works, portions of the receptor are
the parameters used here. The algorithm is also optimizedallowed to relax during minimization, to account for receptor
for minimizations with generalized Born implicit solvents, strain (unpublished results).
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Figure 1. Enrichment plots for nine enzyme systems obtained after docking alone (blue line) and after rescoring (orange line). (Left) The
percent of known inhibitors identified in increasingly large subsets of the ranked database. The gray line represents the results expected
from a random selection of ligands. (Right) Enrichment factor as a function of the fraction of the ranked database. DHFR (mod) refers to
excluding 17 DHFR inhibitors with known problems (prodrugs, incorrect tautomerization, and parametrization failure), as discussed in the
text. This additional analysis, resulting from an extensive manual inspection of the results, was not performed for the other cases.

Enrichment Calculations. The MDDR database contain- inhibitors. The higher the percentage of known inhibitors
ing 95 579 unique molecules was used as a background offound at a given percentage of the ranked database, the better
drug-like decoys for enrichment calculations. We assume thatthe performance of the virtual screening. The right panel of
molecules annotated as inhibitors of a given enzyme in the Figure 1 is the enrichment factoy éxis) as a function of
MDDR are true positives and the remaining molecules are the percentage of the ranked databazeaxis), which
true negatives (neither of these assumptions is likely to be emphasizes the enrichment of known binders in the top 5%
entirely correct, as discussed below). The quality of enrich- of the ranked database. High enrichment factors near the top
ment is measured as the proportion of true binders found in of the database (i.e., those compounds that would actually
selected subsets from the docking (or rescoring) calculationshe tested in a typical experimental screen) are desired.
c_ompared W'Fh the proportion expected from random selec- Table 1 summarizes the results using five indicators: the
tion. The enrichment factor (EF)is 38alculated asbdk= percent of the ranked database required to find 25% of the
{bindersupsdNsubse} /{ Dindersial Nioial - known inhibitors, the maximum enrichment factor, the
location of the maximum enrichment factor, and the numbers
of known inhibitors found in the top 100 and 500 ranked

Early Enrichment Improved via Rescoring. The key compounds. A key objective in database screening is to find
results are summarized in Figure 1 and Table 1. Two types active compounds as early as possible in the ranked database.
of graphs are presented in Figure®®#8 The left panel In many typical screening efforts (excluding high-throughput
presents the percent of known inhibitors fougdhkis) asa  screening), only a few dozen to a few hundred compounds
function of the percent of the ranked databasaxis). The from the top of the docking hit list are selected for
line y = x, shown in gray, is the curve expected when experimental screening. In Table 1, we report the number
randomly selecting compounds; thus, the curves obtainedof known inhibitors found in the top 100 and 500 ranked
from the docking and rescoring should rise above this line compounds 0.1% and~0.5% of the database, respec-
by an amount related to the enrichment of the known tively). Encouragingly, the rescoring procedure appears to

3. RESULTS
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robustly improve early enrichment, especially withinthetop  a 0, o
few tenths of a percent of the database, by several measures N’\IG\QYN \j ”th\@\’“‘-} o
(Figure 1 and Table 1). A ) LoD G Ny ' N o i

As a case study, we carefully examine the results for NONTON 1 1
DHFR. Docking alone gives a maximum enrichment factor compound1 © © compound2 © ©
of 111, occurring at the top 0.1% of the database, which
corresponds to 15 known inhibitors found in top 100 b _/msza
compounds in the ranked list. With the rescoring procedure, Asp26 ;

the maximum enrichment factor (204) is nearly doubled, with
25 known inhibitors found in the top 0.1% of the database.
By contrast, the rescoring actually performs slightly worse
than docking alone beyond the top 0.3% of the database
(Figure 1a, left panel). At 0.5% of the database, 34 known
inhibitors are found by docking while only 32 inhibitors are
found by rescoring. The maximum difference along the
axis (8% of known inhibitors) between docking and rescoring  ~_...=" ?
occurs at the top 3.8% of the database (Figure 1a, left panel), Leu4
which corresponds to the net loss of nine DHFR inhibitors

after rescoring. Five DHFR inhibitors (with docking ranks

ranging from 0.7% to 4%) were skipped in rescoring because

of a failure in the parametrization step; however, this cannot
explain the difference completely. c

A similar scenario is observed in GART, where rescoring
triples the enrichment factor and lowers the percentage of
the database from 0.3% to 0.1% where the maximum
enrichment factor occurs. However, the rescoring starts to
perform worse than docking beyond the top 1% of the
database (Figure 1c, left panel). The maximum difference
along they axis (20% of known inhibitors) between docking
and rescoring occurs at the top 6% of the database,
corresponding to the net loss of 10 GART inhibitors by ™
rescoring. Clearly, rescoring improves early enrichment,
which we consider a significant benefit, but also penalizes
some known binders, further down the hit list, in these two
cases. AR arguably belongs in this category as well, with
significant improvements in enrichment up through the top
2% of the database and a similar to slightly worse enrichment d
further down the list (Figure 1d, left panel).

To understand what causes these differences, the atomistic
interactions between representative known binders were
analyzed in detail. For instance, DHFR inhibitdrsand 2
(structures shown in Figure 2a) are ranked #1828 and #22
after the initial docking and #4 and #17 020 after rescoring,
respectively. The docking poses of both compounds super-
impose well with the crystallographic ligand methotrexate. :«u
The refinement and rescoring procedure significantly im-
proves the relative rank of compouridbut dramatically (_Am_ N

worsens the rank of compou2dThe key hydrogen bonding
interactions between methotrexate and the DHFR binding

: ; : ; : ot Figure 2. (a) Structures of two DHFR inhibitors, compoubhdnd
site residues are illustrated in Figure 2b. Minimization of compound?, which ranked #1828 and #22 after docking versus

the ligand inside the protein binding pocket generates x4 ang #17 020 after rescoring, respectively. (b) The crystal-
relatively small conformational changes but clearly enhanceslographic ligand (methotrexate; structure shown in Figure 6a) is
energetically important interactions such as the hydrogenrepresented by a CPK model colored by atom type. The key
bond between the two charged carboxylate groups of hydrogen bond interactions between the protein and methotrexate

o . : . are illustrated with dashed green lines. (c) The docked pose of
compoundl and the binding site residues Arg57 and His28 compoundl is colored by atom type, while the refined binding

(Figure 2c). On the other hand, rescoring of compo@nd  pose is in orange. Two hydrogen-bond interactions, identified by
magnifies the unfavorable interactions between the hydrogen-dashed green lines, are recovered after minimizing the ligand during
bond acceptor atom O6 of compou@dand the backbone  the refinement stage. (d) The docked pose of comp@isdolored

oxygen atoms of protein residues Leud and Ala97 (Figure PY atom type, while the refined binding pose is in orange. The

. . - unfavorable interactions between backbone oxygen atoms of protein
2d), where chemical functional groups containing hydrogen- residue binding site residues and the O6 atom of comp@uene

bond donors (pteridines and pyrimidines) are generally jjlustrated with dashed red lines. Molecular images were generated
presented in known DHFR inhibitors. The problem here is with VMD.73
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Figure 4. (a) Structures of the SAHH cocrystallized ligand and
compound6, which ranked #568 after docking and #1705 after
rescoring. (b) The docked pose of compouhid shown in blue,

while the refined binding pose is in orange. The newly formed

Figure 3. (a) Structures of the PNP cocrystallized ligand and
compound4, which ranked #674 after docking alone and #1 after

rescoring. (b) The docked pose of compouh¢blue) is superim- hydrogen bonds between the sugar moiety of compoirhd

posed over the minimized binding pose after the rescoring stage N . -
(orange). The protein structure is represented as an aqua—coloreéa"f)fac'[Or NADt, after minimization durlng_the rescoring procedure,
re marked with yellow lines. The protein structure is represented

ribbon, while the cocrystallized ligand is shown in green. The b : : - . ;
; - aqua ribbon, while the crystallographic ligand is shown in green,
phosphate group cofactor is shown in gray. axd ?he cofactor is coloredyby atc?m Ft)ype. ’ ’

simply that the wrong tautomer state for compouhdias the cocrystallized ligand. We do not know the origin of this

Ierror; possibilities include inadequate sampling of the pentose
ring conformations, poor parametrization of the cofactor, or
simply limitations of the scoring function used to select the
poses.

For AChE, the rescoring improves enrichment at the very
top of the database but performs significantly worse lower

database) but poorly by rescoring (outside of the top 10% down, even at 1%. We believe many of the Iiga_nd_s that rank
of the database). Another set of six compounds were “de- worse after rescoring may have incorrect binding poses

enriched” during rescoring because they are ester prodrugsJ€nerated by docking, although we cannot exclude other
instead of free glutamategacid moieties.y P gexplanations. The AChE binding cavity is large, and

It appears that the simple scoring function employed in compounds can bind to several different regions within the

the docking method is less sensitive to such errors, while Pocket, making it a particularly difficult test caSe.
the more physically reasonable molecular mechanics energy Correct Protonation States Are Critical for the Res-
employed in the rescoring requires accurate treatment ofcoring. Unsurprisingly, incorrect protonation states on the
protonation and charge states to correctly account for theligands, receptor, or cofactors significantly affect the elec-
electrostatic properties of ligands. Improvements to the trostatic potential, which in turn strongly affects the rescoring
database preparation procedure are being pursued. Simplgalculations. In this work, we did not attempt any sophisti-
excluding the problematic DHFR ligands discussed above cated prediction of protonation states. Instead, we simply
improves the enrichments obtained upon rescoring, particu-inspected binding sites “by eye”. With respect to the protein,
larly beyond the top 0.3% of the database (Figure 1b and We simply identified His residues that should be positively
“DHFR (mod)” in Table 1). charged as those that are within hydrogen-bonding distance
In the cases of PARP, PNP, thrombin, and TS (Figure 1), of a carboxylate group. With respect to cofactors, a phosphate
rescoring consistently performs better than docking alone. group is present in the PNP binding site and interacts with
In PNP, rescoring increases the maximum enrichment factorligands (shown in Figure 3). The assignment of different
6-fold over docking alone. One of the most potent PNP Protonation states to the phosphate group dramatically
inhibitors (compoundt in Figure 3a), currently in phase |  changes the enrichments obtained from rescoring (Figure 5a);
trials, ranks #1 after rescoring and #674 after docking alone. however, it affects the enrichments obtained from docking
Figure 3b presents the pose of this inhibitor overlapped with very little (Figure S1 in the Supporting Information).
the PNP cocrystallized ligand. Strikingly, the maximum enrichment factor after rescoring
The remaining two test cases (SAHH and AChE) are more increases by factors of 3 and 30 when the formal charge on
complicated. The maximum enrichment factors for docking the phosphate group is changed fref8 to —2 and -1,
and rescoring are similar and below 25. SAHH is the only respectively. The correct protonation state of this phosphate
case where the earliest enrichment is worse after rescoringdroup is clearly—1 on the basis of physical principles. The
albeit not by a huge margin. Shown in Figure 4 is a known PKavalue for HPQ™%/H,PO;™ is ~7, and desolvation of the
SAHH inhibitor, which ranks #568 after docking alone and ion in the binding site will shift the K, lower.
#1705 after rescoring. Clearly, the pentose ring of compound In DHFR, the enrichment of known inhibitors was
6 is rotated~180 degrees from the orientation observed in originally negatively impacted by incorrect formal charges

of tautomerization in our ligand database preparation. In this
case, enolization of the O6 atom of compouadvould
restore the favorable interactions in the rescoring. In the
MDDR database, 10 DHFR inhibitors are derivatives of
compound?2, and all of these are ranked reasonably highly
by the docking scoring function (within the top 3% of the
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Figure 5. (a) Enrichment plots for PNP obtained from docking (blue line) and rescoring with different charge states assigned to the
cofactor phosphate group:,PIO;~ (orange line), HPOs?~ (green line), and P§~ (black line). (b) DHFR enrichment results obtained from
docking (blue line) and rescoring with incorrectly parametrized ligands (green line) and correctly parametrized ligands (orange line). The
incorrectly parametrized ligands have a formal charge of 0 on the pteridine ring.

being assigned to many DHFR inhibitors (Figure 5b), such selected for rescoring. The results are shown in Figure S2
as methotrexate (Figure 6). The program IMPACT failed to in the Supporting Information. In the systems with relatively
recognize protonated methotrexate analogues and assignedoor enrichment (AR, AChE, PARP, and SAHH), the best
a formal charge of 0 to pteridine rings, which resulted in enrichment is given by rescoring a relatively small portion
the rescoring producing enrichment factors almost 3-fold of the ranked database, approximately the top 5%. For these
worse than docking alone (Figure 5b). However, when this four cases, rescoring a great fraction of the database increases
problem was corrected by assigning partial atomic chargesthe “noise” more than the “signal” and degrades the overall
calculated using AMSO1t before rescoring the database enrichment. In the systems with moderate enrichment after
compounds, the enrichment was significantly improved.  docking (thrombin, GART, and TS), enrichments are im-

These results fully agree with previous work demonstrating proved maximally by rescoring15—25% of the database.
that improved modeling of protonation states leads to a betterFinally, for DHFR and PNP, the enrichments are essentially
prediction of binding affinities when implicit solvent models insensitive to the rescoring cutoff.
are used? Clearly, the proper treatment of tautomeric forms  In general, the systems with the best overall enrichment
and protonation states on receptor binding residues andafter docking alone show the least sensitivity to the fraction
ligands is a key requirement for taking advantage of the more of the database chosen for rescoring. This arguably makes
accurate electrostatics calculations carried out in the rescoringsense, because the rescoring procedure relies on the docking
method. algorithm to generate accurate poses (inaccurate poses can

The Fraction of the Database Selected for Rescoring.  be due either to inadequate sampling or scoring by the
It is common in virtual screening to subject top-ranking docking algorithm or to induced fit effects that are not
compounds identified by a docking algorithm to some type accounted for with a rigid receptor). The systems with the
of rescoring procedure (generally not a force-field-based best enrichment presumably reflect a higher fraction of
method as in this work). The fraction of the database ligands being docking with accurate poses, and we postulate
subjected to rescoring is generally arbitrary, ranging from that these ligands are generally enriched further upon
1% to 10% of the entire databa®elhis parameter can affect rescoring. Generally, 5% of docked database seems to be
not only efficiency (i.e., rescoring more ligands takes a longer the lower limit for rescoring, while 25% is the upper limit.
time) but also, potentially, accuracy. That is, if few true Better Selectivity Profiles Achieved by Rescoring.
inhibitors are ranked below, for example, 10%, then rescoring Selectivity is a major challenge in drug discovery efforts that
a larger portion of the database will do little to improve target proteins in families with many members possessing
enrichment and could even make it worse if some decoys close structural similarity. Here, we provide a preliminary
rank highly because of limitations of the energy function or and admittedly anecdotal assessment of the ability of the
other technical problems. rescoring protocol to improve selectivity.

Here, we address this issue systematically by performing The substrates of DHFR, GART, and TS enzymes are
additional enrichment studies where different fractions (1%, folate-related compounds. Generally, their inhibitors are
5%, 10%, 15%, 20%, and 25%) of the docked database werechemically similar (the cocrystallized ligands are shown in
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Figure 6. (@) Structures of the crystallographic ligands of DHFR, GART, and TS. (b) Enrichment against three folate enzyme systems:
DHFR, GART, and TS. The enrichment of ligands annotated as DHFR inhibitors is shown in red, the enrichment of GART inhibitors is
in green, and the enrichment of TS inhibitors is in blue. Results after docking alone are shown on the left, and those after rescoring are
shown on the right.

Figure 6a), and there exists evidence that the DHFR inhibitor ally intensive molecular-mechanics-based energy function is
methotrexate inhibits GART and T%.In the MDDR used to rescore single poses for the top 25% of the ligands
database, 16 compounds are annotated as inhibitors of alfrom the docking phase. The rescoring procedure uses the
three enzymes (DHFR, GART and TS), while another set OPLS all-atom force field and a generalized Born implicit
of nine compounds are annotated as GART and TS inhibitors.solvent model and accounts for ligand/receptor desolvation
The docking results for DHFR show that GART inhibitors and, to a lesser extent, ligand strain energies in a more
are actually enriched more significantly than the ligands physically realistic manner than the docking algorithm (vide
annotated as DHFR inhibitors (Figure 6; a similar result is infra). The overall computational expense of the rescoring
seen for TS). Encouragingly, the results after rescoring protocol is relatively modest, about 1 min per ligand on
correct this situation. That is, the earliest enrichment (0.1% recent-generation personal computers, and thus can be
of the database) shows a strong preference of DHFR for theapplied to the large compound databases commonly em-
inhibitors annotated as DHFR selective and less preferenceployed for docking applications. One critical technical
for the ligands annotated as TS and GART inhibitors. Similar advance making this work possible is the multiscale truncated
results are seen for rescoring against TS and GART. TheseNewton minimization algorithm for rapidly relaxing the
results suggest that our rescoring method is able to discrimi-igands in the protein receptor (with implicit solvation), as
nate not only between actives and inactives but also betweergescribed in the Methods.

closely related analogues, at least in this case. We evaluated the success of the new rescoring procedure

by the extent to which known inhibitors were enriched
4. DISCUSSION AND CONCLUSION against a background of drug-like decoys. Encouragingly,
We have developed a two-stage virtual screening protocol, for all nine cases, the maximum enrichment factor increased
in which a rapid-to-compute, grid-based scoring function upon rescoring, by up to a factor of 6. After rescoring, the
(implemented in DOCK 3.5.54) is used to dock large maximum enrichment factor occurred early in the ranked
compound databases to a receptor, and a more computationdatabase, around0.1% (top 100 compounds) for seven out
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Table 2. Comparison of Various Characteristics of the Scoring Methods Used in Docking Alone (with DOCK 3.5.54), Molecular Mechanics
Rescoring as Described Here, and More Rigorous Methods for Estimating Relative or Absolute Binding Affinities

docking rescoring free energy methods

force field united atom all-atom all-atom
nonbonded interaction energy grid-based potential pairwise potential pairwise potential
ligand strain N/AR partial treatment, with flexible treated via MD or MC

ligand minimization
receptor strain N/A none in this work (can be included treated via MD or MC

by minimization)
ligand desolvation partial atomic desolvation energy implicit solvent implicit or explicit solvent
receptor desolvation NA implicit solvent implicit or explicit solvent
computational timing one second per ligand for sampling one minute per ligand for minimizing days per ligand

millions of docking poses one docking pose

aN/A = not applicable.

of nine cases. Enrichment factors beyond the top 1% of theto the native states (Figure 3), energy minimization is capable
database were generally not affected substantially by res-of locally refining the binding geometries, and the minimized
coring and, in a few cases, were worse than docking alone.energy is effective at improving enrichment.

Our detailed evaluation of the results for DHFR suggested |n Table 2, we also compare the docking and rescoring
several reasons for this, including many artifacts unrelated methods with free energy methods, by which we refer to
to the scoring function. As discussed below, we believe that more rigorous methods of Computing free energiesl such as
the two most significant limitations of the rescoring method FEP, TI, mining minima, and OWFEG, as well as MM-PB/
in its current form are related to incorrect poses generatedSA and MM-GB/SA, which involve some simplifying
by the docking algorithm and the rigid receptor approxima- approximation$®34 We view our rescoring method as an
tion applied in this work. intermediary between high-throughput docking methods and
Although we do not have sufficient data to make a firm more rigorous molecular-mechanics-based methods. It uses
conclusion, the rescoring method appears to work best onthe same all-atom force fields typically applied in more
cases where the docking alone generates good enrichmentigorous free energy methods but uses a generalized Born
For five of the nine test cases, the docking algorithm implicit solvent and limits sampling to simple minimization
generated maximum enrichment factors of 25 or greater; in (beyond the extensive ligand sampling provided by the
all five of these cases, the rescoring at least doubles thedocking algorithm). Our rescoring approach is also inter-
maximum enrichment factor, with the largest improvement mediate between high-throughput docking and free-energy
for PNP (6-fold). Finally, results on three folate enzymes methods in terms of computational expense. It is orders of
suggest that our post-docking rescoring process may help tomagnitude slower than the docking algorithm but orders of
predict the selectivity of ligands toward related proteins, magnitude faster than more rigorous free energy estimates.
although we acknowledge that these results are anecdotalUltimately, we can envision following up the physics-based
Table 2, which summarizes the differences between therescoring with even more computationally intensive (but
sampling and scoring functions used in the docking and presumably more accurate) methods for a subset of ligands.
rescoring stages, helps both to rationalize the success of the The minimization of a ligand in a rigid protein receptor
rescoring at improving enrichment and to point the way to requires only~15 s, in implicit solvent. However, PLOP
further improvements. The major physical effect treated by takes~45 s to load a proteinligand complex, so that the
the rescoring but not by the docking scoring function is overall computational expense 481 min per complex. A
desolvation. DOCK 3.5.54 includes a partial treatment of more efficient rescoring procedure may be developed simply
ligand desolvation but currently does not treat receptor by optimizing the data-loading algorithm. In addition, there
desolvatior24862 A complete treatment of ligand and are several ways to further improve our rescoring protocol
receptor desolvation, even at the implicit solvent level, is without greatly increasing the computational expense.

incompatible with the grid-based scoring required for the 1. More Robust and Automated Treatment of Ligand and
rapid screening of many ligand poses. The rescoring methodReceptor Protonation State¥Ve have shown several ex-
includes a full implicit solvent treatment of ligand and amples where the successful application of the rescoring
receptor desolvation. The use of an all-atom force field, as method requires an accurate assignment of protonation states.
opposed to the united atom force field used in DOCK, also |n this work, we relied on visual inspection for assigning
undoubtedly improves the treatment of hydrogen bond and protonation states to the protein, while ligand protonation
other nonbonded interactions. states were assigned during the automated ligand library

Nonetheless, the fully flexible minimization of the ligand preparation. Both of these processes can be made more
in the receptor is critical to the success of the rescoring; robust. With respect to the proteins, we cannot rule out the
results without this minimization show very poor enrichment possibility that some protonation states remain incorrectly
(results not shown). In other works, energy minimization of assigned, and we are testing automated methods for assigning
docking poses was shown to significantly improve the protonation states. With respect to the ligands, tautomeriza-
enrichments in systems with sterically demanding binding tion was incompletely addressed in the library preparation
pocket$* Clearly, the minimization performed by the inthis work; in addition, the automated parameter assignment
rescoring method cannot rescue grossly misdocked ligandsfailed for a small fraction of the ligands. Fixes for these
(e.qg., Figure 4). However, in the cases of docking poses closetechnical problems are being pursued.
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2. Impraving the Quality of the Molecular Mechanics
Energy FunctionThe 2003 version of the OPLS-AA force
field greatly improves the parametrization of ligands, espe-
cially for torsional parameters. We are also testing a
polarizable version of the OPLS force field and Poisson
Boltzmann implicit solvent in our rescoring scheme.

3. Rescoring Multiple Pose®ne major limitation of the
current protocol is that it relies entirely on the docking
algorithm to identify the correct binding pose. However, the

better treatment of desolvation applied at the rescoring stage

can, in principle, also help to identify correct poses, as has
been shown in other wo:%3 A simple extension of the
current method is to subject a small number of dissimilar
binding poses to minimization in the rescoring step and use
the most favorable binding energy for rank-ordering ligands.
4. Incorporating Receptor FlexibilitySmall amounts of
receptor flexibility can be included in the current scheme
simply by minimizing the receptor along with the ligand
during the rescoring stage. In early tests of this procedure,

receptor minimization increases the computational eXpense (1)

by only a small factor €2), if only the residues contacting
the ligands are minimized.

Finally, we have not yet tested the ability of the rescoring
method to predict the relative binding affinities of inhibitors.
In principle, the improved enrichment shown here, relative
to a high-throughput docking program, reflects the improved
estimation of relative binding affinities, at least for a subset
of the known inhibitors. Nonetheless, it is clear that binding
affinity estimation is a much more challenging goal.
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