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This article reviews the application of consensus scoring for cases when the target 3D structure is known.
Comparing the performance of different methods is not a trivial task, and it appears that consensus
scoring usually substantially improves virtual screening performance, contributing to better
enrichments. It also seems to improve - albeit less dramatically - the prediction of bound conformations
and poses. The prediction of binding energies is still rather inaccurate and although consensus scoring
generally improves these predictions, more development is required before it can be used for this

purpose in routine lead optimization.

Virtual screening has become an essential component of the drug
discovery process [1]. Its principal aim is the in silico assay of
different chemical structures for the purposes of establishing their
binding affinities, to separate active and inactive molecules or
establish their rank order of activity. Virtual screening approaches
can use either the 3D structure of the target (target-based virtual
screening or docking) or use active and inactive ligands (ligand-
based approaches) to determine and rank those structures most
likely to bind. This review is primarily concerned with target-based
virtual screening. In target-based virtual screening, the 3D struc-
ture of the target has been previously determined experimentally
(usually by X-ray crystallography or NMR) or comes from compu-
tational modeling (e.g. based on protein sequence homology to
targets with known 3D structures).

The use of scoring functions in target-based virtual screening has
been extensively reviewed recently [2-7]. It usually proceeds in two
steps. First, possible conformations and poses of the ligand in the
pocket are computationally generated (the docking step) and, sec-
ond, these are ranked according to how well they fit the pocket (the
scoring step). Additionally, results from the scoring step are often
applied to compare and rank different chemical structures (called
database enrichment or focusing). Scoring functions are applied in
all of these stages. In many cases, the same scoring function is used
in all steps, although separate functions have increasingly been
introduced for these roles. Although it might appear quite natural
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that combining results from different methods would lead to some
improvement in performance, in reality this concept has only
recently been applied in drug discovery. In fact, the first applications
of consensus scoring were in ligand-oriented environments, namely
QSAR [8-10] and molecular similarity [11], although the applic-
ability of the approach in virtual screening was recognized relatively
soon thereafter [12-15]. Despite its short existence, the application
of consensus scores in drug discovery has now become common
and, in addition to published methods, users can choose between
commercial (e.g. CScore by Tripos, DS LigandScore by Accelrys, and
Model-Composer, MOE by Chemical Computing Group) and pub-
licly available (X-score: scoring function to predict protein-ligand
binding affinities, available at http://sw16.im.med.umich.edu/soft-
ware/xtool) approaches. In the majority of cases, it is employed as a
postprocessing step after docking runs. At the very simplest, hit lists
from multiple docking programs can be compared and those mole-
cules that pass all, or the majority, of virtual screens can be selected,
leading to a marked improvement in enrichment [12]. Many com-
plex combinations of screening scores have been tested, a glossary of
the most common approaches is provided in Box 1. The objective of
this article is to review some of the most important advances in this
relatively young field.

How can we compare different virtual screening
results?

To judge the performance of any virtual screening approach, and
therefore consensus scoring, it is important to consider the various
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BOX 1
A glossary of popular consensus scoring approaches

Voting (intersection). Pass—fail criteria are established for each method,
overall decision is based on how many passes a molecule has. These pass-
fail criteria are often arbitrary. Good overall enrichment can be achieved
but often at the cost of low recovery rates. The intersection approach is a
special case of voting for methods with binary output.

Coarse quantiles (positions in ranges) voting. Each scoring function
casts a vote if the score falls in the top quantile of the range of values
obtained for that scoring function across the dataset of interest. The
consensus score is the total number of votes received. When using a
single criterion (e.g. best half or best third) there is a large number of tied
scores, which can be overcome by also referencing another criterion, for
example, obtaining ranks by the best third criterion and breaking ties
based on the best half.

Rank voting. Each method has a predefined number of votes for
activity and the top ranking compounds using each scoring function are
assigned those votes. Performance depends on how many votes each
method receives.

Simple sum ranks (rank-sum, also related to average rank, rank-by-
rank). Entries are ranked using each scoring function and the ranks are
added up (in case of average ranks, this sum is divided by the number of
properties).

Deprecated sum-ranks. Entries are ranked based on each scoring
function, the worst rank for each entry is dropped and the sum of the
ranks is calculated from the remaining ranks.

Worst-best ranks. Compounds are ranked based on each scoring
function and each entry is assigned the second worst rank from these. In
case of a higher number of scoring functions, the third or fourth worst
rank might be used.

Weighted sum ranks. Ranks from each method are weighted, with the
weight reflecting the importance of the given method. The sum of the
weighted ranks is then used as the final score.

Regression schemes (multilinear regression, non-linear regression).
The total score is expressed as the linear (or nonlinear) combination of
the individual scores. The coefficients are fitted, so that the performance
(enrichment, binding energy, etc.) of this equation is optimal.
Multivariate methods. See textbooks (e.g. Ref. [43]) for a detailed
discussion of principal component analysis (PCA), projection to latent
structures (PLS), discriminant analysis and other related methods.

parameters that can influence their operation. Although the
important factors can differ depending on the application, there
are some commonly recognized issues (these are summarized in
Box 2). These generally relate to the preparation of the receptor,
the composition of the training and test sets and the evaluation of
the raw results. Differences in treatment of these factors can lead to
big variations in performance and might make it difficult to
evaluate the results. For example, possibly the most often applied
approach in the literature for testing enrichments is using a large
decoy set seeded with a few known actives. It has been argued
recently that this process often leads to artificially high enrich-
ment scores if the decoy molecules have different 1D properties —
such as molecular weight or lipophilicity — from the actives [16].
Thus, for example, if the dataset contains inactives that are much
larger in size than the actives and the target can only accommo-

BOX 2

Factors to consider in the performance comparison of
different target-based screening or prediction
approaches

(i) Characteristics of the studied receptors (e.g. size, shape, polarity, or
hydrophobicity, of the active site), the number and diversity of the
receptors considered, as well as the quality of the 3D receptor
structure (e.g. resolution).

(ii) Preparation of the active site (e.g. protonation and minimization)
and whether this is appropriate for the given docking program.
Also, consider whether multiple possibilities for certain residues
have been considered (e.g. residue ionization or tautomer
possibilities for His, Asp and Glu residues).

(iii

=

In training- and test-set composition, how different are the actives
and inactives? Can they be easily separated using only 1D
measures (e.g. size or lipophilicity)?

Is it ensured that the ligand is docked in the ‘correct’ pose before
scoring and how are multiple conformers and poses from the
docking program handled (e.g. score all binding modes and
choose best scoring one, or choose a single mode, assuming that it
is the best-predicted pose).

(v) The type of docking method and scoring functions used.
Systematic errors can be introduced if badly docked ligands are
rescored with several scoring functions. Rescoring ligands with a
scoring function different from the ‘native’ one can produce

(iv

different results owing to slight differences in ligand placement and
differences in predocking preparation of the receptor for which the
native scoring function had been optimized. However, in case of
certain combinations this approach seems to work well, for
example, combining a scoring function that finds poses correctly
with one that ranks them well. Differences also arise depending on
whether and how the ligand is relaxed before the second scoring
function is applied.

(vi) How were the results evaluated? Which solutions were accepted?
Was the computationally top-scoring solution taken (most rigorous
but hardest test), a selection from among the top scoring solution
(e.g. the one closest to the experimental data among the ten top
solutions) or simply the solution closest to the experimental data
(easiest and least rigorous approach)?

date small ligands, the docking program might simply act as a size
filter and any observed high performance might not reflect the
ability of the scoring function to recognize the important ligand
features responsible for activity. Although validation-set composi-
tion might depend on the particular application, it is generally
more meaningful to measure performance by including only those
inactives that are ‘reasonably similar’ to the actives acting on the
given receptor. Also, to achieve high enrichments, it is generally
accepted that molecules must be docked correctly, although some
believe this to be less important [17].

Many scoring functions have been developed and optimized to
work with specific docking algorithms and applying them to score
results from other docking programs can lead to inaccuracies and
errors. This arises because distances between some ligand and
receptor atoms can vary when using different docking programs,
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TABLE 1

Selected examples to illustrate the performance improvement when using consensus scoring®

Measure Approach Single Consensus Ref.

methods method

(a) Enrichments

Hit rates (%) Intersection using 3 18 [12]
three scoring functions

Hit rates (%) Intersection using 10 65-70 [17]
three scoring functions

Top compounds containing all actives (%) Voting using three 20 8.4 [18]
scoring functions

(b) Poses

Ligands with top docked pose within 2A of the crystal structure (%) ConsDock 39-56 60 [15]

Ligands with top docked pose within 2A of the crystal structure (%) Average rank using 66-76 80-84 [24]
three functions

(o) Binding energies

Rank correlation of predicted and experimental binding energies Sum-rank 0.13-0.92 0.54-0.85 [14]

Rank correlation of predicted and experimental binding energies CScore 0.13-0.92 0.60-0.86 [14]

Correlation (r?) between predicted and experimental binding energies Average rank 0.16-0.32 0.34 [29]

Correlation (r?) between predicted and experimental binding energies PLS 0.10-0.56 0.68 [31]

RMS error (kJ/mol) between predicted and experimental binding energies Average rank 3.00-4.93 2.49 [29]

@ Numbers presented are not meant for comparing different consensus scoring methods, only to give a sense of their expected performance. The actual numbers depend at least as much
on the performance of the docking engines and the datasets used as on their consensus arrangement. See also Box 2 for issues to consider when comparing methods.

and the applied scoring functions can be sensitive to these differ-
ences. For this reason, it is important to distinguish the consensus
of results from different docking experiments and the consensus of
several scoring functions applied for a single docking experiment
(rescoring). Similarly, relaxing the ligand in the pocket before
scoring might improve or harm the accuracy of the results,
depending on the way the scoring function was originally devel-
oped and optimized.

As mentioned earlier, consensus scoring is usually applied for
virtual library enrichment, predictions of binding poses and bind-
ing affinity. Clearly, the separation of these areas is artificial.
Nonetheless, for clarity, the simplest consensus methods will be
discussed using these application categories. To demonstrate the
kinds of gains expected when using these methods, the perfor-
mance of selected examples is shown in Table 1.

Virtual library enrichment and focusing
Virtual library enrichment and focusing is currently the primary
application of consensus scoring. It was first described by Charifson
etal. [12] who, using the intersection approach, observed better and
more consistent hit rates than those obtained using individual
scoring functions. The authors also identified the disadvantage of
their intersection approach: the intersection of hit lists is, by defini-
tion, smaller than the original lists. Hence the number of consensus
hits might be small when many scoring functions are used, espe-
cially in the case of highly nonoverlapping hit lists. The authors
partly attributed their observed low false-positive rates to their
careful property filtering procedure of the actives and the randomly
selected inactives before virtual screening.

Stahl and Rarey [13] also tested the intersection approach and
observed an improvement in hit rates and a significant decrease in
the actual number of hits when combining several scoring func-

tions. Therefore, instead of combining the scores, they combined
selected individual terms from these functions. Specifically, they
combined the localized and directed FlexX hydrogen bonding
terms with the hydrophobic terms in the PLP function. Although,
on average, they observed some improvement compared to the
individual constituent scoring functions, there was a marked
decrease in hit rates for polar targets. Also, when tested on a
dataset of 200 complexes, this combined scoring function was
inferior to a single scoring function (DrugScore).

To overcome some of the issues with the intersection approach,
Clark et al. [14] investigated other consensus techniques. They
tested three rank-based methods (sum-ranks, worst-best ranks
and deprecated sum-ranks) as well as CScore, a method based on
coarse quantiles (see Box 1 for a description of these methods). The
performance of these approaches was established using Spearman
rank correlation of the consensus scores with experimental affi-
nities. During the generation of the individual scores, only those
conformations that were within a certain root mean square (RMS)
distance from the experimental crystal conformation were consid-
ered. The authors found that CScore and sum ranks were more
robust and reliable than any of the individual scoring functions.
CScore was found to be a reasonable compromise; although the
intersection approach has a lower false positive rate than CScore,
this is often at the cost of not being able to identify any binders for
certain receptors. In comparison, using a three-vote CScore leads to
a modest increase in false-positive rate but at the same time a
reduced false-negative rate (i.e. fewer missed leads). The CScore
approach was also found to improve the affinity ranking of pro-
tein-ligand complexes with ligand affinities in the nanomolar to
micromolar range.

Bissantzetal. [17] evaluated several popular scoring functions and
their combinations and concluded that a voting scheme leads to
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substantial improvementsin hitrates. They found that when usinga
consensus list common to two scoring functions, the hitrate among
the top 5% scorers increased from 10% to 25-40% and by using three
scoring functions, hit rates in the 65-70% range were obtained.
They recommended a two-stage protocol for large datasets. In the
first step, the optimal docking and consensus scoring scheme should
be established on a small subset of the data and, in the second step,
this combination would be applied to the full dataset. They con-
cluded that even though the hit rates were high, the method was not
yet suitable for lead optimization because the correct pose and
binding energy predictions were still relatively unreliable.

Krovat and Langer [18] evaluated different scoring functions
and their combinations seeking full recovery of their actives. Their
dataset comprised ten low or subnanomolar inhibitors and 1000
assumed inactives, generated as a diverse virtual combinatorial
library. From the seven scoring functions they considered, the best
four retrieved all of the actives in the top 20% of the compound
database. It was found that by using a voting scheme, nine out of
ten hits were among the top 1.4% of the database. As expected,
slightly worse enrichments were obtained when only three scoring
functions were applied in the voting scheme; however, this did
allow the retrieval of all the actives in the top 8.4% of the database.

For phosphodiesterase-4B ligands, Mpamhanga et al. [19]
attempted to combine three scoring functions on a ‘rational basis’
using average ranks to bring together one knowledge-based, one
empirical and one force-field-based function. They found that
such a combination generally performed better than most random
combinations. They also studied the performance of different
scoring functions across different chemical classes and observed
that there is a natural bias towards the chemotype of the ligand
present in the crystal structure. It was concluded that consensus
scoring is an appropriate tool in the decision about the suitability
of compound classes for lead optimization.

Bissantz et al. [20] applied consensus scoring to screen homol-
ogy models of G-protein-coupled receptors. The process involved
generating pairwise combinations of hit lists (and combinations of
three ranking lists) using several scoring functions in a voting
arrangement where ligands in the top 15-25% of the database for
each scoring function received a vote, depending on the quality of
the receptor model. It was concluded that antagonist receptor
models are suitable for simple virtual screening, even if the bind-
ing site is generated using single-ligand energy minimization,
whereas the virtual screening of agonists requires a more complex
procedure. In the antagonist case, substantial improvements in hit
rates were observed when using consensus scoring. The applica-
tion of consensus scoring for homology models has also been
reported by other authors [21,22].

Lyne et al. [23] recently undertook a study in which they applied
consensus scoring by considering several docked poses for Chk-1
kinase. Each pose was scored using their z-score (Equation 1, where
x is the raw score from the given scoring function, x,, is the
average raw score for all the poses, and o is the standard deviation
of the raw scores for all the poses).

(x — aay)

=) (1)

g

The consensus Z-score of a pose was then defined as the sum of
z-scores over all applied scoring functions and this was applied

in enrichment studies. It was concluded that 50-100 docked
poses needed to be retained and scored using this consensus
scheme to recover all the actives. The scoring functions and
parameters applied were determined for a related kinase (Cdk-
2) for which abundant data are available and were subsequently
applied for selecting novel hits for Chk-1 with good efficiency.

Prediction of binding conformations and poses
Different consensus scoring schemes, studied by Clark et al. [14] for
database enrichment, were described above. The same methods
have also been tested to predict binding conformations or poses. It
was found that, in most cases, the sum-rank, deprecated sum-rank
and CScore (coarse quantiles) approaches can all be applied suc-
cessfully for selecting conformations or poses that are similar to
the crystal structure. It was argued that false-positives (i.e. pre-
viously undetected conformations that were ranked highly using
consensus scoring) might also represent viable binding hypotheses
because independent methods agree on their suitability and their
thermodynamic accessibility, and hence might represent novel
starting points in the design of new structural templates.

Paul and Rognan [15] developed a procedure called ConsDock
for finding consensus poses of conformations generated by differ-
ent docking programs. This method does not introduce its own
score; instead it selects the most appropriate scores from the
applied docking programs. ConsDock is a postprocessing proce-
dure performed in four steps. First, all the poses generated by each
docking tool are hierarchically clustered. These clusters are then
used to identify consensus pairs of poses (i.e. binding hypotheses
that are common between at least two programs). These consensus
pairs are clustered into classes and each class is represented by a
mean structure. The clusters are ranked according to the number
of means they include. Because mean structures do not necessarily
correspond to energy minima, they are minimized in a force field
or, alternatively, a real docked structure closest to the mean is
chosen. It was shown using 100 ligand-protein complexes that
this consensus docking approach outperformed any single dock-
ing tool in the quality of the top ranked pose.

Wang et al. [24] compared 11 scoring functions and their
combinations on 100 protein-ligand complexes to evaluate their
performance in predicting experimental conformations and poses.
In this process, each scoring scheme was applied to rank all
conformations of the ligand and the final rank was the average
of the ranks received from each scoring function. Using a max-
imum atomic deviation of 2 A RMS between the experimental and
predicted structure as a selection criterion, the success rates were
66-76% for the individual scoring functions, 76-80% for the
double scoring systems and 80-84% for the triple schemes. Thus,
the authors found that there was a clear improvement when using
multiple scoring functions. They also found that the performance
range (difference between best and worst performance) decreases,
indicating that the actual selection of scoring functions is less
important in multiple combinations.

It is worth mentioning at this point that there are significant
developments in the area of using consensus scoring to predict
ligand poses for flexible targets [25-27]. Although the consensus
methods applied in such cases are often similar to those discussed
above (e.g. sum ranks, deprecated sum ranks, regression methods),
these are applied to find consensus among different receptor
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conformations, rather than different scoring methods and, thus,
they are not discussed further here.

Prediction of binding affinity

Methods to predict binding affinities have been extensively
reviewed by Gohlke and Klebe [28] and the underlying scoring
functions were discussed in a more recent article [4]. It has been
pointed out that scoring functions usually describe binding affi-
nity as a sum of independent terms and thus they all suffer from
the same disadvantages [4]: size dependence (the larger the mole-
cule, the higher the probability of a favorable score); they usually
ignore entropic effects (rigid receptor and single ligand binding
modes with no ensemble averages); and many scoring functions
ignore solvation and desolvation effects.

It was concluded that most scoring functions assess receptor—
ligand complementarity, rather than the free energy of binding.
This complementarity is a prerequisite for ligand-binding but not a
sufficient condition on its own. Because consensus scores are
derived from individual scores that suffer from these shortcomings,
these issues are unlikely to be addressed by such combinations.

Marsden et al. [29] tested two consensus methods for combining
individual binding-energy predictions: average rank and multi-
linear regression, with the weights in the multilinear regression
optimized to achieve minimum RMS error in the predicted dis-
tribution coefficient (log Ky). It was found that the application of
both consensus combinations led to modest improvements in
predictivity — at major computational expense. It appears that
multilinear regression generally performs somewhat better if there
are no major outliers, whereas the combination of ranks has a
stronger inherent averaging effect, reducing the effect of major
outliers. However, it was concluded that even with consensus
scoring, binding energy predictions were still quite unreliable:
on a set of ~100 ligand-receptor complexes, average rank and
multilinear regression consensus scores had Pearson correlation
coefficients (%) = 0.33 and 0.36 and RMS errors in binding energy
of 2.49 kJ/mol and 2.64 kJ/mol, respectively.

Instead of using established scoring functions, Wang et al. [30]
developed three novel ones, each of which approximated hydro-
phobic interactions differently. These functions were, of course,
highly correlated with each other. The authors argued that as
separate scoring functions, their predictions for protein-ligand
complexes would be different because they recognized different
geometric features of the target. Each of the scoring functions
was individually optimized and tested on a set of 200 protein—
ligand complexes. This showed that in only ~40% of complexes
was the difference between the highest and lowest predictions
less than 0.5 pKq4 units, and in almost 20% of the compounds it
was greater than 1.0 pKq unit. The authors, not too surprisingly,
found that if the binding affinity predictions closest to the
experimental value were correlated with the experimental
values, the standard deviation of the prediction greatly improved
in comparison with using predictions with any single scoring
function. To generate a consensus score, the three scoring func-
tions were averaged. Although the average score, by definition,
was always a medium performer, it had two advantages: firstly, it
helped to identify the expected level of accuracy of these func-
tions and, secondly, it reduced the likelihood of large errors. The
average accuracy of binding free energy predictions was ~2 kcal/

mol. This scoring function has been made available to the public
under the name X-Score.

Less common ways of generating consensus scores
Terp et al. [31] applied multivariate statistics [principal component
analysis (PCA) and projection to latent structures (PLS)] to score and
predict the best ligand poses in a pocket, as well as protein-ligand
binding affinity. The selection of the binding conformation was
based on the assumption that the best inhibitor conformation
corresponds to the structure with the most favorable predicted
binding energy. From results with eight scoring functions, a
one-component PCA model was successfully applied to predict
ligand binding modes in 18 different complexes. It was claimed
that this process was superior to using a simple consensus score
(CScore) because the latter does not distinguish between the top
scoring solutions. For binding affinity predictions, the results from
eight different scoring functions were combined and, after variable
selection, a one-component PLS model was derived using the five
most predictive scoring functions correlated with the experimental
pKi. The correlation coefficient for fitting all data points was
* =0.78; significantly better than the performance of any single
scoring function.

Jacobson et al. [32] have also applied multivariate statistics to
generate classifiers that could discriminate between active and
inactive compounds from virtual screens. Results from seven
scoring functions were combined using PLS discriminant analysis,
rule-based methods and Bayesian classification, all of which
require an extra training set. In comparison with single scoring
functions and traditional consensus scores, multivariate statistical
methods were found to improve the discriminative power of
consensus scoring, especially the rule-based method. Three rea-
sons were given for this: the use of extra training set made the
classifier more aware of the target; it was possible to include
information on inactives; and the ability of multivariate statistics
to take correlation between the scoring functions into account
quantitatively. However, it must be noted that because the bind-
ing conformation of inactive molecules cannot be ascertained, it is
questionable how much the consideration of inactive data might
help in the process. Because these multivariate methods were
unable to predict actual activities, it was suggested that they could
be applied as a first step in a virtual screening cascade, reducing the
number of molecules that need to be considered for more accurate
and time consuming binding affinity predictions.

Seeing that the original scoring functions were unable to
explain activity variations, Prathipati and Saxena [33] combined
docking scores from the MOE and LUDI scoring functions using
binary QSAR. Combination of the individual terms of the two
scoring functions using PLS was attempted, but only marginally
improved the results. A classification model was built using binary
QSAR methodology trained on binders and nonbinders, using
either the individual scoring function terms or the final scores
from the two scoring functions - the individual scoring function
terms provided superior performance. The discriminatory power
of this combination appeared to be high. This combination was
also compared to multivariate statistical methods [32], using a
common dataset, and was found superior.

A naive Bayes classifier has also been applied in combination
with rank-by-median consensus scoring [34]. In this approach, the
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median rank across five scoring functions was calculated. The top
1% of compounds were passed to a naive Bayes classifier as ‘good
binders’, the rest as ‘bad binders’. It appears that, at least in the two
studied examples, adding this classifier to the consensus scheme
led to some minor improvement in the overall performance.

Mestres etal. [35] combined ligand- and target-based measures. In
addition to docking, similarity to a reference ligand was considered
using field-based similarity involving the electrostatic potential and
molecular shape (the reference was either the cocrystallized ligand,
or a pharmacophore-fitted ligand placed in the active site). Target
and ligand-based scores were combined by ranking compounds on
both measures and accepting the top 10% of the solutions. It was
found that the similarity measure (MIMIC) and the scoring function
(DOCK) agreed in almost half of the top scoring molecules. The
proportion of false-positive and false-negative results using this
consensus score was not investigated. It was concluded that the
two methods might complement each other: 3D similarity to a
reference structure might identify molecules more easily if a single
receptor conformation or imperfect scoring functions present an
obstacle, whereas docking is independent of the reference structure
and, hence, will enforce complementarity with the receptor in
regions not explored by the reference ligand.

Asimple multiplication to combine ligand similarity and docking
scores was suggested by Fradera et al. [36]. In this case, similarity
essentially acts as a weighting factor for the docking results, gen-
erating a preference in the cavity for ligand orientations that are
similar to those of the reference ligand. This should create a balance
in which favorable interactions with the receptor are maintained
without deviating too much from the observed binding mode of the
reference ligand or the pharmacophore model. The combination of
the docking and similarity scores can be performed either as part of
the actual docking process (similarity-guided docking) or by rescor-
ing all of the docked poses and conformations (similarity-penalized
docking). It was found that the former approach yields better
binding mode predictions for the example set of 32 thrombin
inhibitors with an average improvement of ~1 A RMS distance over
the docking engine (DOCK) alone.

Binding energy predictions using QSAR and traditional scoring
functions were compared and combined for glycogen phosphor-
ylase inhibitors by So and Karplus [37]. The applied ligand-based
methods included hologram QSAR, receptor-surface models,
CoMFA and genetic neural networks. Target-based scoring func-
tions were LUDI and a structure-based binding energy predictor
using force fields, solvation and an estimate for entropy changes. It
was found that by averaging the results obtained by different
prediction methods, predictivity, as measured by the q> value,
increases with the number of methods considered. In this context
it is interesting to note that the five ligand-based methods per-
formed considerably better than the two structure-based methods.

How does consensus scoring work?

Although consensus scoring has gained wide acceptance from the
virtual screening community, relatively few studies deal with the
question of how consensus scoring enriches datasets. As pointed out
by Clark [14], if different scoring functions estimate a property
independently and that property relates smoothly to an experimen-
tally determined quantity (such as the free energy of binding or RMS
distance from a crystal pose), then the mean from several scoring

functions should be a better predictor than each individual score, if
all functions have comparable precisions. Because different scoring
functions can have different scales, their combination is nontrivial.
Therefore, the use of ranks often improves performance compared
with the combination of raw scores. Also, because each scoring
function contributes something unique to the consensus (at leastin
an ideal case) but will miss certain effects, it might be beneficial if
they have different weights in the final consensus score.

Wang and Wang [38] studied the behavior of consensus scores
using idealized computer simulations. They attributed the perfor-
mance increase in consensus scoring simply to the fact that the
mean of repeated samplings tended to be closer to the true value
than any single sampling. They also found that performance
improvements were proportional to the square root of the number
of applied scoring functions and that no improvement beyond the
variance of the data can be expected if more than three or four
scoring functions are simultaneously used. It was pointed out by
Baber et al. [39] that some of the underlying assumptions might not
be satisfied in realistic cases and, therefore, consensus scoring might
lead to improvements beyond those seen from the simulations.
They also pointed to an apparent contradiction: real scoring func-
tions were likely to be somewhat correlated if they had better than
random performance (they have an increased likelihood of selecting
the same actives) but the applied methods must not be strongly
correlated, particularly in their errors, otherwise they would no
longer be independent. It is likely that properly considering the
level of correlation when selecting methods that work well together
is essential for improving operational performance in consensus
scoring, especially by ensuring that systematic errors are not corre-
lated between methods.

Although most authors observed significant improvements when
using consensus scoring, cases with only marginal improvement
have also been reported [40]. More surprisingly, some performance
decrease has been observed recently when using consensus scoring
[41]. This failure can be understood by recognizing that there was a
systematic component to the error, common across all methods
shown in Ref. [41] - a single docking engine was used to dock
molecules, and hence errors in ligand placement affected all scoring
functions. For example, any inactives for which ‘good’ poses were
erroneously found were likely to be recognized by the different
scoring functions as such, introducing some correlation in false
positives. At the same time, there was little correlation in true
positives between many of the applied scoring functions [41].
Similar problems might be expected in all cases when a single
docked pose is rescored using several scoring functions.

Yang et al. [42] have recently investigated how consensus scor-
ing operates, based on four receptors and a dataset comprising ten
actives and 990 random compounds. In their study, they looked at
all combinations of five different scores derived from two docking
programs. They found that although the average accuracy
improves with the number of applied methods, maximum accu-
racy occurred when pairs of methods were combined. This was not
so surprising given that molecules were docked with two different
methods and that all scoring functions originated from two
families of related functions. They concluded that consensus
scoring improved screening performance only when each of the
individual scoring function had relatively good performance and
the scoring characteristics of the individual functions were differ-
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ent. They also laid out quantitative criteria for these conditions.
Under these conditions, rank combinations were found to perform
at least as well as other score combinations.

Baber et al. [39] recently summarized factors that might con-
tribute to the performance of ligand-based consensus scoring;
most of the conclusions are also likely to apply to the target-based
process. These include:

(i) Statistical improvement, arising from the fact that the mean of
repeated samplings is closer to the true value than the individual
measurements.

(ii) Actives are clustered more tightly than inactives and thus
multiple samplings will recover more actives than inactives.

(iii) Ranking concordance — different methods agree more on the
ranking of actives than on the ranking of inactives. This arises as
different scoring functions focus on different aspects of ligand-
binding (or have individual deficiencies associated with them) and
thus lead to different false positives.

(iv) Consensus results are not only better but also more
consistent across receptor systems, and the user is thus less
dependent on picking the correct method for each receptor.

Conclusions
Since its first application less than a decade ago, target-based
consensus scoring has come a long way and has become an
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important tool in the computer-aided discovery of new phar-
maceutics. Through the number of published and commercially
available methods, it has become easily accessible to practicing
computational chemists. The majority of published work
indicates that consensus scoring leads to tremendous improve-
ments through the improved quality of the results and through
less reliance on the choice of the particular scoring function.
The amount of improvement varies greatly between different
studies and depends on the application, the consensus method
and the conditions of the computational tests. It appears
likely that the scoring functions themselves must be reasonable;
a blind combination of some arbitrarily chosen scoring
functions will not necessarily lead to better results. However,
it is still somewhat unpredictable how much improvement
can be expected from a combination of different scoring func-
tions and how different factors affect this improvement. It is
expected that, as the field of consensus scoring of virtual screen-
ing results matures, a greater understanding of these effects will
emerge.
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