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ABSTRACT: We present a probabilistic framework for interp-
reting structure-based virtual screening that returns a quantita-
tive likelihood of observing bioactivity and can be quantitatively
combined with ligand-based screening methods to yield a
cumulative prediction that consistently outperforms any single
screening metric. The approach has been developed and vali-
dated on more than 30 different protein targets. Transforming
structure-based in silico screening results into robust probabil-
ities of activity enables the general fusion of multiple structure-
and ligand-based approaches and returns a quantitative expecta-
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tion of success that can be used to prioritize (or deprioritize) further discovery activities. This unified probabilistic framework offers a
paradigm shift in how docking and scoring results are interpreted, which can enhance early lead-finding efforts by maximizing the

value of in silico computational tools.

B INTRODUCTION

The use of in silico methods for the identification of new active
molecules for a target of interest permeates the early stages of
drug discovery research across the pharmaceutical industry. This
includes both ligand-based screening approaches (which identify
test compounds structurally related to a known active molecule)
and structure-based virtual screening methods (which identify
molecules that complement a protein active site). Structure-
based methods in particular hold special promise in that the
search for new molecules is dictated by the binding pocket itself
and is not dependent on the existence of known active molecules
—increasing the prospects for identifying truly novel chemical
matter. However, despite significant efforts to advance the
methodology, it is still generally recognized that the performance
of most docking and scoring algorithms is inadequate to reliably
impact industrial drug discovery productivity.'

Given the complexity of molecular recognition and the
simplified assumptions used in most scoring functions, it is not
surprising that current approaches to docking and scoring often
fail to clearly identify leads of sufficient quality or quantity.
Numerous attempts have been described in the literature for
improving docking and scoring, and in particular pose prediction,
including the use of multiple® (or adaptive)® receptor conforma-
tions, normalizing the docking scores,” and fusing results from
multiple scoring functions.® Unfortunately, while performance
improvements have been reported retrospectively using these
and other schemes, it is difficult to predict a priori what data
fusion or other approach will work for a given system.
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Significantly, it has been analytically demonstrated that data
fusion can either increase or decrease performance based on the
underlying data distributions for the active and inactive mole-
cules and that none of the most common fusion methods are
systematically superior.’ Thus, in truly prospective cases, it may
be required to validate a given approach by generating and testing
predictions on small numbers of compounds—at which point
the full value of the in silico approach (insofar as occurring long
before experimental confirmation) is significantly minimized.
Furthermore, in the absence of a framework for understanding
whether a given docking and scoring campaign has “succeeded”
or “failed,” the default is either to test as many of the highest
ranked compounds as capacity allows (thereby potentially wast-
ing resources on failed campaigns) or to manually inspect and
select a small number of structures for follow-up (potentially
missing rich areas of chemical diversity in successful campaigns).

To complement structure-based screening, there has been a
longstanding interest in combining these approaches with ligand-
based screening methods, which historically have enjoyed more
application and success than structure-based screening.” Such a
unified approach would leverage all available structural and
chemical information in the search for new molecules and holds
significant potential. Unfortunately, the relatively small number
of reports attempting to fuse structure- and ligand-based ap-
proaches have yielded mixed results.® This is due at least in part
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to the inability of common fusion strategies to systematically
deliver superior performance. Alternative approaches involve
either preselecting or rescoring the structure-based docking
library using ligand-based methods.” In either case, the fusion
of a “good” algorithm with those of a “bad” algorithm (in terms of
absolute performance against that particular target) tends to yield
the “average” result, and there is no current approach to knowing
the good from the bad.

We have previously reported on the use of Belief Theory' to
address these same limitations for ligand-based virtual screen-
ing."" Belief Theory requires that quantifiable probabilities of an
event being true can be obtained. To this end, we created a large
database of ligand similarity and potency values to enable the
construction of probability assignment curves (PACs), which are
empirically derived functions that translate a measure (e.g, a
similarity score) into a probability of a compound being active.
Moving to a probabilistic framework enables the objective
assessment of a screening campaign, in the sense that a virtual
screening list can be deprioritized if only low-probability events
are retrieved. Quantitative probabilities also enable the straight-
forward combination of multiple sources of information using
well-established principles. In data fusion using Belief Theory,
the contribution of any single source of information will be
appropriately weighted by the confidence in that value being
significant. Thus, this framework naturally and appropriately de-
emphasizes poor sources of information and maximizes the
contribution of highly likely events. Since publication of our
ligand-based belief framework,'' we have subsequently validated
these predictions through prospective inquiry for more than
23000 compounds against an additional 20 diverse protein
targets (data not shown)—suggesting that appropriately con-
structed PACs can be universally and prospectively applied.

Given our experience with the broad applicability and utility of
a unified probabilistic approach for ligand-based screening, here,
we report that the application of Belief Theory to structure-based
screening can enable a quantitative estimate of success for an
individual screening campaign and allow productive integration
with multiple ligand-based methods that systematically outper-
forms any individual approach. This integration of structure- and
ligand-based screening incorporates a truly orthogonal view of
chemical similarity and maximizes the value of our computational
screening approaches. To accomplish this, we have created a
highly curated database of active and decoy molecules from
publicly available databases and developed new PACs for both
ligand- and structure-based screening that can be quantitatively
integrated. The resulting framework consistently outperforms
any single screening method and provides a universal platform
for virtual screening that leverages all available information (both
chemical and structural). In addition, we have made the database
available so that PACs for new similarity functions can be
developed and integrated into future programs.

B RESULTS AND DISCUSSION

Development of PACs for Structure-Based Screening.
The generalizability of any PAC is critically dependent on the
number and diversity of systems upon which its probabilities
have been derived. To address this issue in the context of
structure-based docking and scoring, we have assembled a
rigorously curated list of known actives for 18 different targets.
All actives were taken from the WOMBAT'? database, and the
particular targets were chosen based on the requirement that

Table 1. Average Chemical Properties of the 3600 Active
Molecules from the WOMBAT Database as Compared to the
45000 Decoys from the ZINC Database

property WOMBAT ZINC
MW 395 £102 388 £ 68
AlogP 34£19 34+ 14
NRot 6+3 S£2
tPSA 77+ 41 78+£25

each have a quality public domain crystal structure available,
except for PDGFRB, where we used a previously reported
homology model"® built using c-Kit as the model template. As
the ability of a data set to critically assess relative performance
between methods is strongly dependent upon the selection of a
decoy compound set,"* we chose a decoy set of nearly 45000
molecules that matched the physicochemical properties (e.g.,
molecular weight and ClogP) present in the set of active
molecules by judiciously sampling from the ZINC'" database
(see Table 1). Using our set of actives and decoys, we evaluated
the performance of two different docking programs, GLIDE'®
and FRED," and four scoring functions found within these
docking programs: Chem;auss?y,17 ZAPBIND," Chemical
Gaussian Overlay (CGO),"” and GLIDE SP'® (Table 2). As a
performance metric to compare these methods, we use the area
under receiver—operator characteristic (AU-ROC), the values
for which fall in the range 0—1, with 0.5 corresponding to the
performance for a purely random sampling method. As can be
appreciated from Table 2, the performance of the docking and
scoring algorithms is highly variable both across targets and
between different algorithms, with a sustained better-than-ran-
dom retrieval for all methods.

As noted earlier, the scores produced by the various scoring
functions do not, in and of themselves, provide information as to
the strength of the evidence (i.e., probability of a given molecule
being active). In addition, while the scores for active molecules
do tend to be higher, on average, than inactive molecules
(therefore resulting in AU-ROC scores >0.5), the absolute
docking score is unrelated to bioactivity and tends to be more
a function of the protein target under study. This can be
appreciated from Figure 1A, where the range in absolute docking
scores for the actives and inactives against all 18 targets is
displayed. This target-based influence precludes simply utilizing
the raw score for comparisons between and across targets. We
therefore transformed the respective docking scores from each
program to Z values (see Experimental Section) for both the
decoys and the actives across the set of 18 public domain targets.
As can be appreciated from Figure 1B (using CGO as the
example), the Z values for active molecules form a single
distribution that is distinctly shifted relative to the set of inactive
molecules (the average Z score for active molecules is 1.1, as
compared to an average Z score of 0.0 for the inactive molecules).

Using Z values, we can now construct PACs for each of the
scoring function by calculating the fraction of active molecules in
each Z bin. The average PAC for each scoring function across all
18 targets is shown in Figure 2, the behavior of which can be
described by a simple sigmoidal function (parameters listed in
Figure 2B). While there is some variability in the PAC as a
function of both target and scoring algorithm (see the Support-
ing Information), it can be seen that for Chemgauss3, CGO, or
GLIDE SP, a Z value of 3 roughly corresponds to a 1% or greater
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Table 2. AU-ROC Values for Four Scoring Function Across 18 Protein Targets from the WOMBAT Database”

target PDB CGO AU-ROC ChemGuass3 AU-ROC GLIDE AU-ROC ZAPBIND AU-ROC
Ache 1EVE 0.64 0.60 0.65 0.60
AR 2A06 0.87 0.84 0.96 0.73
CDK2 1CKP 0.84 0.56 0.5 0.55
COX-2 1CX2 0.83 0.58 0.8 0.50
c-SRC 2SRC 0.74 0.77 0.79 0.77
DHFR 3DFR 0.61 0.64 0.71 0.65
EGFR 1M17 0.66 0.66 0.68 0.57
ERa 1121 0.59 0.59 0.62 0.51
FTASE 3E32 0.83 0.75 0.78 0.52
fXa 1FOR 0.82 0.85 0.85 0.73.
HIV-1P 1HPX 0.68 0.7 0.67 0.68
HIV-1 RT 3IRX 0.81 0.75 0.76 0.72
MAPK p38 1KV2 0.62 0.77 0.66 0.61
MMP-1 1FBL 0.92 0.88 091 0.93
PDES 1XPO 0.77 0.88 0.8 0.61
PDGFRB model 0.65 0.56 0.68 0.52
PPARy 1FM9 0.87 0.88 0.87 0.87
thrombin 1A81 0.71 0.69 0.73 0.58
average 0.75 0.72 0.75 0.64

“ A total of S0 actives were chosen for each target (only 49 could be identified for c-SRC) from WOMBAT, along with a set of 45000 decoys from ZINC.
All compounds are provided in the Supporting Information. Compounds were docked to their respective target (identified by the PDB code) along with
the entire set of decoy molecules as described in the Experimental Section. The expected standard error in these AU-ROC values is 40.04 units.*

probability of being active (10-fold higher than a random back-
ground rate of 0.1%), whereas Z values of 4 or higher correspond
to a 5% or greater chance of observing activity. It is important to
note that no significant enrichment is observed for molecular
weight (see Figure 2A), suggesting that these scoring functions
are productively capturing some critical aspects of molecular
recognition. Using these PACs, we can now assign a probability
(or belief, B;) of observing activity for any given compound
against a particular target of interest based upon its docking score
and the docking scores of the decoy compounds.

Combining Structure- and Ligand-Based Virtual Screen-
ing. While attempts to synthesize information from both ligand-
based and structure-based methods have been reported,”” there
is no general framework with which to simply and systematically
combine the complementary sources of information provided by
ligand-centric and structure-centric methods. With a probabil-
istic framework that now captures the information from struc-
ture-based screening, we can combine these results with ligand-
based similarity methods using the principles of Belief Theory"
and provide a single expectation value (or cumulative belief) for
observing activity. Probabilities for activity based on the protein
structure can be obtained from the PAC in Figure 2, while
probabilities based on ligand similarity can be obtained using the
PACs derived from two-dimensional §raph—based [e.g, extended
connectivity fingerprint 6 (ECFP6)™°] and three-dimensional
shape-based [e.g, rapid overlay of chemical structures
(ROCS)*'] metrics in analogy to our previous work.!" For
consistency, we have rederived generalized PACs for ECFP6
and ROCS using the same compounds described above for
structure-based screening and augmented with actives from an
additional 22 targets for which crystal structures are not available
(see the Supporting Information).

Individual beliefs from the various methods can be combined
to assign a cumulative belief (see Experimental Section) to each

molecule. Tables 3 and 4 list the performance metrics for the
combination of beliefs from ECFP6 (ligand-based), ROCS
(ligand-based), and CGO (structure-based). In terms of overall
retrieval as measured by the AU-ROC curve (Table 3), it can be
observed that, in all but two of the protein targets (DHFR and
ER) that we evaluated, the retrieval rates for the cumulative
belief result in AU-ROC values that are equal to or better than the
highest retrieval rate achieved with any single method. This can
also be appreciated from the ROC curves in Figure 3A. On the
basis of the retrieval of S0 actives from a library of 50000
compounds, the expected standard error in these AU-ROC
values is £0.04 units.”” Thus, many of these enhancements are
quite significant. It is important to note that similar trends were
observed when only the 25 most diverse actives for each target
were used (see the Supporting Information, Table SS), suggest-
ing that the methods exhibit good performance across multiple
chemotypes. Also listed in Table 3 are the results obtained from
alternative fusion methods, including the mean rank, the min
rank, and the max rank. The cumulative belief systematically
outperforms the mean and max rank fusions, while exhibiting
comparable performance to the min rank and mean Z fusions
(see Experimental Section). While overall retrieval rates are
important, practical utilization of virtual screening results typi-
cally involves testing only the top-ranked fraction of the database;
therefore, early enrichment is an important measure of success.
As shown in Table 4, the enrichment factors at 1% (i.e., for the
top-ranked 500 compounds in the database) are also higher, on
average, for the cumulative belief as compared to any individual
metric. Interestingly, the enrichment observed for the mean rank
and max rank fusions are actually inferior, on average, to the two
ligand-based methods alone. This is not unanticipated® and
underscores the fact that mean ranking treats all scoring func-
tions equally, even if there is no strong “signal” against certain
targets.
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A theoretical model® for data fusion indicates that enhance-
ment from fusing multiple screening methods can arise from a
significant degree of correlation of the true positives from each
method when compared to the true negatives (with each method
thereby enforcing the signal in the others). As illustrated in
Figure 4A,B, this is unlikely to be true in this case for structure-
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Figure 1. (A) CGO docking scores for active (blue) and inactive (red)
compounds as a function of each of the 18 targets listed in Table 2. (B)
Distribution of Z scores for active (blue, top) and inactive (red, bottom)
across all targets. The average Z score for the active molecules is 1.1
(denoted with a dashed vertical line), while the average Z score for the
inactive molecule is 0.0. Only a random 1% sampling of the inactives is
shown for clarity.

based screening, as essentially no correlation in the actives exists
between CGO and either of the ligand-based methods (R* = 0.0).
In our case, the enrichment observed for the cumulative belief is
likely due to the orthogonality of the three methods. As shown in
the Venn diagram in Figure 4D, the actives recovered using all
three methods are only partially overlapped—highlighting the
value of using multiple, complementary measures for virtual
screening. Similar complementarity of structure- and ligand-
based methods has been recently reported for four different
targets.”> While CGO was used for calculation of the cumulative
belief in the examples listed, it is important to note that
equivalent performance was observed for GLIDE (data not
shown).

The min rank and mean Z fusions yield comparable retro-
spective performance to the cumulative belief, both in terms of
overall AU-ROC scores and early enrichment (Tables 3 and 4).
In a sense, these fusion methods are closest in kind to the
cumulative belief, as exceptional values in one scoring function
(either in rank, Z value, or belief) will dominate the final fusion
score. Using Belief Theory, scores with unusually strong signal
are appropriately weighted, while values “in the noise” are
essentially discarded. Similarly, the “best performing” function
for each compound will dominate the min rank and mean Z
fusion rules. However, only the cumulative belief returns a
quantitative expectation for activity that is maintained both for
the individual measures and for the combined belief (Figure 3B).
This is not possible with any other fusion rule and allows for truly
prospective assessments of new active molecules. It is this aspect of
Belief Theory that enables a paradigm shift in how virtual
screening results can be interpreted and utilized in a drug
discovery setting. Importantly, the ability of the described PACs
to accurately predict the likelihood of activity of new compounds
has been extensively validated on external and internal data sets
and in prospective biochemical testing, as will be described in the
next two sections.

External Validation. To test the validity and generality of our
approach, an independent validation set of six additional targets
(Table S) were analyzed using an additional set of compounds
from the WOMBAT database (see the Supporting Information,
Table S1). The likelihood of activity was assigned to each
molecule based on the docking scores and Z scores generated
by CGO, using the PACs described above. As is described above
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Figure 2. (A) PACs for the four scoring functions across the set of 18 public domain protein targets from WOMBAT (listed in Table 2). Correlation
coefficients (R*) and mean absolute errors (MAE) from the curve fits are also provided in the legend. (B) Parameters for the four scoring functions,
obtained from sigmoidal curve fits to the probability assessment curves in A. (C) The form of the sigmoidal function used to fit the data in A, where B;is
the belief that compound i is active, x; is the Z value for compound i, F,,,, is the maximum value for the fraction active, SCs is the similarity cutoff at which
50% of the maximum fraction-active is observed, and slope is the is the steepness of the curve.
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Table 3. AU-ROC Values for ECFP6, ROCS, CGO, Their Cumulative Belief, and Various Other Data Fusion Methods against the

Training Set of 18 Proteins”

target ECFP6 ROCS CGO cumulative belief mean rank min rank max rank mean Z
AChE 0.64 0.61 0.66 0.76 0.79 0.87 0.60 0.83
AR 0.80 0.67 0.87 0.90 0.89 0.90 0.85 0.90
CDK2 0.50 0.59 0.52 0.59 0.54 0.55 0.57 0.56
COX-2 0.96 0.93 0.81 0.97 0.96 0.97 0.94 0.98
c-Src 0.58 0.63 0.72 0.91 0.87 091 0.74 0.91
DHFR 0.83 0.71 0.67 0.77 0.82 0.78 0.75 0.82
EGFR 0.83 0.78 0.65 0.92 0.90 091 0.82 0.93
ERa 0.84 0.68 0.63 0.78 0.77 0.92 0.72 0.86
FTase 0.65 0.66 0.88 0.87 0.81 0.89 0.68 0.87
fXa 0.77 0.71 0.84 0.84 0.78 0.87 0.68 0.82
HIV-1P 0.89 0.53 0.80 0.89 0.74 0.93 0.51 0.76
HIV-1 RT 0.64 0.60 0.80 0.75 0.72 0.89 0.53 0.76
MAPK p38 0.62 0.57 0.63 0.68 0.68 0.69 0.64 0.70
MMP-1 0.88 0.69 0.91 0.94 0.90 0.94 0.81 0.93
PDES 0.70 0.56 0.73 0.80 0.80 0.78 0.72 0.82
PDGFR 0.90 0.86 0.54 0.91 0.87 0.92 0.72 0.91
PPARy 0.92 0.85 0.87 0.93 0.90 091 0.87 0.91
thrombin 0.87 0.79 0.70 0.96 0.90 0.97 0.78 0.97
average 0.77 0.69 0.73 0.84 0.81 0.87 0.72 0.85

“ Compounds were docked to their respective target or compared against the reference ligand, along with the entire set of decoy molecules as described
in the Experimental Section. The expected standard error in these AU-ROC values is £0.04 units.*>

Table 4. Enrichment Values at 1% for ECFP6, ROCS, CGO, Their Cumulative Belief, and Various Other Data Fusion Methods

against the Training Set of 18 Proteins”

target ECFP6 ROCS CGO cumulative belief mean rank min rank max rank mean Z
AChE 12 14 6 14 4 14 4 14
AR 32 36 38 36 38 46 32 38
CDK2 28 28 28 20 26 16 28
COX-2 38 76 76 62 70 56 74
c-Src NY 28 14 54 18 54 12 NU
DHFR 14 20 20 16 20 16 20
EGFR 52 50 60 28 62 18 62
ERa 30 32 8 32 24 36 24 38
FTase 18 26 18 38 20 40 12 42
fXa 8 8 42 14 2 42 2 8
HIV-1P 20 4 28 30 10 28 8 26
HIV-1RT 30 12 52 32 28 54 18 38
MAPK p38 12 14 4 18 8 18 6 18
MMP-1 58 18 54 58 54 S8 40 60
PDES 16 16 20 22 14 22 14 16
PDGFR 62 S8 2 58 6 62 14 58
PPARy 56 46 46 56 S0 54 48 54
thrombin 52 48 16 52 34 50 32 48
average 33 30 20 39 24 42 21 38

“ Compounds were assessed against their respective target or reference ligand, along with the entire set of decoy molecules as described in the
Experimental Section.

for the training set, the fusion of the docking and ligand-based
beliefs for the validation set also results in superior performance,
with the cumulative belief resulting in the highest enrichment
values and AU-ROC scores for all six targets (see Table S) and
systematically outperforming results obtained with the mean
rank. Significantly, the quantitative expectation for bioactivity is

again maintained over a wide range of probabilities, as shown in
Figure 5. We have also conducted validation studies using
internally derived data on an additional nine targets (see the
Supporting Information, Table S3) with equally positive results—
suggesting that the performance is independent of data source.
Thus, while the true applicability domain for the PACs listed here
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Figure 3. (A) ROC curve comparison against 18 targets from the WOMBAT database using ROCS (green), ECFP6 (red), and CGO (black) alone and
for the conjunctive combination of all three functions (cumulative, blue) using Belief Theory. (B) Percent actives in each belief bin across all scoring

methods, including combined measures.
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Figure 4. Correlation of (A) CGO Z score with ECFP6, (B) CGO Z score with Tanimoto Combo, and (C) Tanimoto Combo with ECFP6 for all
actives against each of the 18 proteins in the training set. (D) Overlap of recovered actives for ligand- and structure-based virtual screening tools.

Table S. Enrichment Values at 1% and AU-ROC Scores for ECFP6, ROCS, CGO, Their Cumulative Belief, and Their Mean Rank

against a Validation Set of Six Proteins”

target ECFP6 ROCS
CHK1 24 24
METAP2 S4 54
MMP13 22 14
PARP 26 30
PDF S8 38
uPA 32 10
average 36 28
CHK1 0.69 0.55
METAP2 0.83 0.72
MMP13 0.84 0.72
PARP 0.89 0.84
PDF 0.85 0.8
uPA 0.76 0.51
average 0.81 0.69

CGO cumulative belief mean rank min rank max rank mean Z
enrichment at 1%
24 20 26 18 24
4 54 38 56 14 52
20 28 30 16 28 34
28 40 42 34 30 42
36 72 58 70 40 70
20 32 18 30 16 28
19 42 34 39 24 42
AU-ROC scores
0.67 0.75 0.66 0.73 0.52 0.66
0.66 0.84 0.80 0.82 0.76 0.81
0.67 0.87 0.79 0.83 0.69 0.80
0.83 0.95 0.94 0.94 0.86 0.95
0.86 0.98 0.97 0.98 0.89 0.99
0.69 0.81 0.73 0.74 0.64 0.75
0.72 0.87 0.82 0.84 0.73 0.83

“ Compounds were assessed against their respective target or reference ligand, along with the entire set of decoy molecules as described in the
Experimental Section. The expected standard error in these AU-ROC values is 4-0.04 units.”>
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Figure S. Percent actives in each cumulative belief bin (combining

CGO, ECFP6, and ROCS beliefs) across all six targets in the validation
set.

will be dependent on the targets in the training set, this result is
validation that the PACs reported here for structure- and ligand-
based screening will be applicable to the vast majority of protein
targets.

Prospective Validation. Both of the validation sets described
above are based upon retrospective analyses of reported or
known bioactive molecules and a set of presumed inactive
decoys. Of course, the true test of this probabilistic virtual
screening framework lies in its ability to prospectively identify
new active molecules at the expected rate. Our general experi-
ence with prospective applications is summarized in the Support-
ing Information (Table S4), where we have observed excellent
agreement between predicted and actual hit rates. Shown in
Figure 6 are sets of two newly identified actives for each of four
targets—MMP3, PR, PDE4, and Lck (none of which were
included in any of the training or validation sets). Compounds
1 and 2 contain an amino-pyrimidine hinge binding element and
exhibit activity against Lck. These compounds have known
activity against Akt and PI3 kinase,”* but no activity against
Lck has been reported to date. Compounds 3 and 4 inhibit PDE4
and represent novel chemotypes for PDE inhibition as no activity
for these compounds has been reported against any member of
the phosphodiesterase family. Compounds § and 6 were derived
from medicinal chemistry programs against GR,*> and it is
therefore not surprising that they exhibit good activity against
the highly related PR. The chemotypes represented by com-
pounds 7 and 8 were in fact originally designed for MMP-3
(stromelysin) inhibition®® and were later evolved into inhibitors
of MMP-2/9 (gelatinase-A/B).”” Overall, the prospective
screening campaigns satisfyingly yielded both known and novel
chemotypes and at a hit rate consistent with predictions.

Bl CONCLUSIONS

In summary, we have described a unified probabilistic frame-
work that combines both structure- and ligand-based screening
methods and provides a quantitative probability that a specific
molecule will be active. This framework has been developed on
18 different protein targets and validated on an additional six
targets—strongly supporting the general utility of this approach.
Moving to a probabilistic interpretation of structure- and ligand-
based virtual screening is a significant deviation from the current
applications of the available computation tools. This carries
significant advantages for drug discovery by leveraging all avail-
able information in the search for new molecules, maximizing the

diversity of the recovered actives and enabling a risk—benefit
analysis of virtual screening results to optimize further discovery
activities. The framework described here is immediately exten-
sible to new scoring functions (both ligand- and structure-based),
provided that PACs can be derived based on the available data
sets (in the Supporting Information). While the development of
such PACs can represent a significant up-front investment for
new docking and scoring functions, this represents extensive
validation and characterization of the true predictive value of any
new technique and should therefore be considered a standard
requirement for new scoring functions. The method is also
amenable to the integration of data from multiple ligands or
multiple target structures, thus maximizing not only the use of
the computational tools but also the available chemical and
structural information for a given target. To preserve the
quantitative value of the cumulative belief, care must be taken
to ensure that correlation among the various methods is low, and
we look forward to new research in this area.

B EXPERIMENTAL SECTION

Selection of Decoy and Active Sets from WOMBAT and
ZINC. We selected sets of 50 actives (defined as compounds with ICs,
values less than 1 uM) from WOMBAT for 18 targets under the
requirement that each target have an existing crystal structures in the
public domain. For each target, we also selected up to an additional 100
compounds that exhibited ICs, values between 1 and 10 #M. For the
purposes of structure-based screening methods, these additional com-
pounds were considered inactive, whereas they were used to establish
differing potency windows for the ligand-based methods. To choose a
set of decoys having properties consistent with the actives, we matched
mean and standard deviations between the two sets for molecular
weight, AlogP, number of rotatable bonds, and tPSA. The exact values
of the final matched properties are shown in Table 1. All compounds
have been submitted to PubChem, and Substance Identification (SID)
values are given in the Supporting Information.

FRED. To prepare the small molecules (both decoys and actives) for
docking and scoring with the program FRED (v2.5.5),"” it was necessary
to first generate sets of conformers for each molecule (as FRED treats a
single conformer as rigid during docking process). Omega (v2.3.2)"**
was used to generate sets of conformers for each of the decoy and active
molecules with default settings except for the following: energy window
value of 50, maximum number of conformers of 1000, and root-mean-
square conformer clustering threshold of 0.5 A. We investigate perfor-
mance of the following scoring functions calculated by FRED: Shape-
gauss,29 PLP,30 Chemgauss3, Chemscore,31 Screenscore,>” CGO,17 and
ZapBind."'® FRED breaks down the docking and scoring procedure into
several steps. First, FRED exhaustively docks each conformer for each
molecule and ranks each pose based on the user-selected scoring
function. The top-ranked poses are then moved on to the optimization
stage, in which FRED optimizes the score of each pose using a user-
selected scoring function (which can be different from the exhaustive-
search selected scoring function). The last stage is final scoring, in which
the user can select yet another scoring function (or choose to calculate all
of them available within FRED). We perform two separate FRED runs
for each target. The first uses Chemgauss3 in the exhaustive phase
(selecting top 1000 poses) and also in the optimization phase, followed
by calculation of all scoring functions except CGO. The second type of
run uses CGO in the exhaustive phase (selecting top 100 poses), which
fundamentally changes the ranked list of poses produced, followed by
Chemgauss3 in the optimization and final scoring phases. CGO uses
similarity to a known bound ligand to bias the conformer ranking in the
exhaustive scoring phase, both similarity to the shape as well as placement of
protein-interacting hydrogen-bond acceptor and donor groups.

1229 dx.doi.org/10.1021/jm 1013677 |J. Med. Chem. 2011, 54, 1223-1232
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Figure 6. Subset of newly identified actives for four targets (listed at the left), along with the percent inhibition observed at a compound concentration

of 1 uM.

In each FRED run, the bound ligand is used as input into FRED,
which uses the ligand coordinates to autogenerate a box encompassing
the protein active site. We add 4.0 A to each side of the box in all of the
FRED runs, to ensure a large enough box to encompass all of the ligands
processed in the docking procedure. To ensure proper scoring of
hydrogen-bonding terms, as well as proper atom typing for assigning
protein and ligand partial charges (used in the ZapBind calculations),
explicit hydrogen atoms are added to each protein—ligand complex
(with the ligand in the binding pocket) using a hydrogen atom
placement tool in OpenEye's OEChem.*® After placement, the system
is then minimized with rigid heavy atoms using Szybki.**

GLIDE. Small molecules were prepared using the version of
LigPrep contained within the MAESTRO 9.0 software using all
default settings. Protein grids were prepared, with no constraints,
using the default setting under the Glide Grid Generation Tool. All
molecules were then docked in each protein using Glide in SP Mode
using the default settings.

ECFP6. ECFP6 were calculated within Pipeline Pilot v 7.0 (Accelrys)
using a bit length of 4096. PACs were calculated as previously described."!

ROCS. To perform the three-dimensional overlays we use the
program ROCS (v3.0).21 We use the same sets of conformers gener-
ated in the FRED docking runs for both the actives and the decoys
(see above). For each bound ligand, we generate five conformations

1230

using Omega (v2.3.2),"%*® which are then used to perform a multi-
conformer overlay using ROCS. We use all default settings to perform
the ROCS overlays. ROCS returns shape and color similarity Tanimoto
values for the best conformer pair between each bound ligand and every
active or decoy molecule. The shape and color Tanimoto values are then
used to calculate belief values to be used in constructing the cumulative

beliefs.

Generation of Beliefs. Z values are calculated from the docking
scores of the active and decoy sets using the following equation

z=2F (1)

where x is the docking score, ¢t is the mean score for the decoy set, and o
is the standard deviation of the distribution of scores across the decoy
set. For each scoring function, the scores for the decoy and active sets are
reduced to Z values and binned in integer increments (i.e, Z=1,2,3,4).
In each Z bin, we calculate the fraction of active molecules within the bin,
which when divided by total number of molecules in the bin gives a
probability. Thus, a probability of being active can be assigned, which is a
function of Z bin occupied.

To combine the structure-based probabilities, or beliefs, with the
ligand-based beliefs produced by ECFP6 and ROCS, we turn to Belief
Theory, which provides the framework for the combination of multiple

dx.doi.org/10.1021/jm1013677 |J. Med. Chem. 2011, 54, 1223-1232



Journal of Medicinal Chemistry

beliefs (or probabilities) from independent, uncorrelated sources using
the conjunctive rule:>*
N
cumulative belief = 1 — H (1—p) (2)

i=1

where N is the number of independent beliefs and P; is the belief that the
i-th measure (on a scale from O to 1) is true. An examination of the
correlation between the structure- and the ligand-based methods is
shown in Figure 4, in which the docking Z scores can be seen to be
uncorrelated with the ligand-based measures of ECFP6 and ROCS
(correlation coefficients of 0.03 and 0.18, respectively). The distinct lack
of correlation allows all beliefs to be conjunctively combined using the
above equation, producing a total cumulative belief based on a fusion of
the individual beliefs from ECFP6, ROCS, and CGO.

Enrichment Values. Enrichment values at 1% were calculated by
counting the number of actives identified in the top-ranked 500
molecules (1% of a 50000 compound database) for each method and
then dividing by the expected “random” hit rate of 0.1% (S0 actives in a
database of 50000 decoys).

Other Fusion Methods. The mean rank was calculated by the
simple average of the ranks of the compound across all three scoring
functions, while the min and max rank used the lowest or highest rank
value, respectively, across the three functions. The mean Z fusion was
obtained by calculating the Z value for each compound from the
distribution of CGO scores, ECFP6 Tanimoto values, and ROC Color
Tanimoto scores and taking the simple average of all Z values.

Il ASSOCIATED CONTENT

© Ssupporting Information. Text file containing all com-
pound structures and activities for the training and validation
data sets; information on redevelopment of the ligand-based
PACs; and validation results using internal data, prospective data,
and only the 25 most diverse actives per target. This material is
available free of charge via the Internet at http://pubs.acs.org.
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