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Targeted scoring functions for virtual

screening

Markus H.J. Seifert

4SC AG, Am Klopferspitz 19A, D-82152 Planegg-Martinsried, Germany

The benefit offered by virtual screening methods during the early drug discovery process is directly
related to the predictivity of scoring functions that assess protein-ligand binding affinity. The scoring of
protein-ligand complexes, however, is still a challenge: despite great efforts, a universal and accurate
scoring method has not been developed up to now. Targeted scoring functions, in contrast, enhance
virtual screening performance significantly. This review analyzes recent developments and future

directions in the area of targeted scoring functions.

Introduction

Protein-ligand binding affinity is the key determinant of biologi-
cal activity and therefore the major objective in the early drug
discovery process. At that stage, experimental and virtual screen-
ing of chemical libraries is used to identify compounds with
sufficient affinity to allow for starting and promoting a medicinal
chemistry program. The benefit offered by virtual screening meth-
ods [1,2] is directly related to the predictivity of scoring functions
that estimate protein-ligand binding affinity, whereby a better
predictivity reduces the number of compounds that have to be
screened physically. Currently, scoring functions derived from
empirical data dominate in practical applications, mainly for three
reasons: firstly, they are easy to evaluate and allow for screening
millions of compounds within hours. Secondly, massive amounts
of empirical data are available that can be used to train scoring
functions [3-6]. Thirdly, ab initio simulations of molecular binding
events are too time-consuming, especially for high-throughput
applications. Empirical scoring of protein-ligand complexes, how-
ever, is still a challenge. Despite a long history of research, the final
goal of developing a universal, fast and accurate scoring method
has not been achieved up to now [7]. Therefore, efforts to devise
generic scoring functions with increased predictivity are ongoing
and various methodologies are explored, for example, force-field
approaches [8], potentials of mean force [9] and consensus scoring
[10]. Target-specific compound collections [11] allow improve-
ment of the results of virtual screening, because their more
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restricted composition avoids some of the problems associated
with current scoring functions. Recently, large-scale crystal struc-
ture data were used to derive various empirical scoring functions,
which achieved impressive, internally validated, correlation coef-
ficients between experimental and predicted binding affinities of
R?=0.57-0.72 and standard errors around one logarithmic unit
[12]. External validation, which provides a more realistic impres-
sion of predictivity, revealed correlation coefficients up to
R?=0.38. This correlation corresponds to the following percen-
tages of correctly classified compounds: 39-51%, 53-78% and 35—
83% for low (pK; < 5.0), medium (5.0 < pK; < 8.0) and high
affinity compounds (pK; > 8.0), respectively. In general, these
results are at the upper limit of what has ever been achieved with
conventional approaches [13].

What does this predictivity mean, however, for virtual screen-
ing? Assuming a ‘best case’ scenario, the best values cited above
generalize to a real world setting, that is binding modes are
generated by protein-ligand docking software and completely
different chemotypes are encountered during screening. Under
this very optimistic assumption, a database consisting of 1 million
low affinity compounds and 100 high affinity compounds will be
classified into (1-0.51) x 1,000,000 = 490,000 false positives and
only 0.83 x 100 = 83 true positives. Although this is an artificial
example, it clearly illustrates the main challenge: screening highly
biased databases requires accurate scoring functions, with a parti-
cular focus on the correct identification of inactive or low affinity
compounds. A calculation of the probability for identifying
true actives by virtual screening (Box 1) highlights the level of

562 www.drugdiscoverytoday.com

1359-6446/06/$ - see front matter © 2009 Elsevier Ltd. All rights reserved. doi:10.1016/j.drudis.2009.03.013


mailto:mhj.seifert@gmx.de
mailto:markus.seifert@4sc.com
http://dx.doi.org/10.1016/j.drudis.2009.03.013

Drug Discovery Today * Volume 14, Numbers 11/12+June 2009

BOX 1
Probability of finding active molecules by virtual screening
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A typical task for virtual screening aims at identifying, for example 100 active compounds out of a database of 1,000,000 compounds by
examining only the 2000 top-scoring compounds (0.2%) of a score sorted ranking list. The prior probability of activity is p(a) = 100/
1,000,000 = 0.01%. Focusing on the classification of active and inactive compounds, a good virtual screening performance means that a
scoring function is able to separate the score distributions for active and inactive compounds. In practice, various sources of error —
including inadequate models, imperfect training data and so on - will broaden the distributions which causes overlap and classification
noise. Assuming normal distributions N(x,4, o4) and N(x;, o;) for the score distributions of active and inactive compounds, respectively, an
expression for the odds of finding an active compound at a particular score x can be derived directly from Bayes’ formula [16]. Eq. (A) can be
solved for p(a|x), which stands for the probability that a single compound which has received a score x is indeed active. A separation of one
standard deviation (1) between the score distributions of actives and inactives leads to the following situation (B): a compound with a
score of —4 has a probability of only 0.003 for being active and on average 2 hits are found within the top 2000 molecules. Accordingly,
there is considerable risk that a particular screening run ends without any hits. A separation of two standard deviations (2o) improves the
situation significantly. Now p(a| — 4) is ten times higher (0.04) and approximately 16 hits are found on average within the top 2000. More
than 50 hits are found and probabilities >10% for a single compound with score —4 are achieved with separations of three (3o) or four (40)
standard deviations. This allows for selecting only a few compounds and nevertheless having a good chance to get true hits. 3¢ or 40
classifiers, however, are rarely found for real world molecular data. Realistically, a separation of roughly 2o on large and diverse datasets
seems to be appropriate for successful virtual screening. Choosing the number of top-scoring molecules for subsequent evaluation
corresponds to setting the ‘operating point’ of a classification method, which refers to specific trade-off between true and false positive
rates (see orange dot). All possible operating points of a classifier lie on the ‘receiver operating characteristic’ (ROC) curve (C). The area
under the ROC curve (AUC) is an established measure for classification quality in many disciplines and gives the probability of correctly
ranking a randomly chosen pair of an active and an inactive compound (for an instructive demo see http://www.anaesthetist.com/mnm/
stats/roc/Findex.htm). Of course, different classifiers can be combined. For example, virtual screening in pharmaceutical industry is usually
performed as a two-step process where the ranking list from virtual screening is reviewed by a human expert. This is roughly equivalent to a

combination of a fast and inexpensive 2o classifier with a slow and expensive 4o classifier (D). Obviously, this setup allows for extracting
true hits even from a highly biased database.
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predictivity that is necessary for successful virtual screening. Gen-
eric scoring functions, which are currently applied for virtual
screening, seemingly lack this accuracy of affinity prediction [14].

Nevertheless, virtual screening is able to deliver true hits in
many real world applications [15]. This is because of two impor-
tant facts: on one hand, a two-step process consisting of virtual
screening and subsequent postprocessing, for example by human
experts, is able to alleviate the impact of this requirement (Box
1C). On the other hand, the calculation in Box 1 is based on the
implicit assumption that the score is the only information about
the compound, which is considered during virtual screening. In
reality, experienced users will gather all available information
about ligand(s), target(s) and so on, before screening. This addi-
tional information will inevitably influence the setup of virtual
screening and subsequent compound selection. As a result, virtual
screening usually performs better than anticipated solely from
scoring function predictivity.

For industrial applications, however, it is desirable to account
for this additional information in a more formal way by identify-
ing workflows that systematically exploit prior information for
increasing efficiency and reducing the risk of failure. The design
and optimization of targeted scoring functions is a viable route for
achieving this goal. Targeted scoring functions aim at incorporat-
ing the prior knowledge directly into the scoring function, instead
of applying it as prefilter or postfilter for virtual screening. This
review provides an overview of current methodologies and appli-
cations of targeted scoring functions.

Current approaches

The concept of developing targeted scoring functions is similar to
modern machine learning procedures [16]: a training dataset is
used to learn a statistical model, which is subsequently applied to
predict new entities. In general, statistical learning methods can be
broken down to the minimization of an objective function, which
usually consists of a term for model quality and a penalty for
model complexity. This allows for classifying the approaches for
targeted scoring functions according to the objective function and
the algorithm used for minimizing the objective function
(Table 1).

Protein-ligand docking, however, exhibits one important dif-
ference to conventional machine learning techniques: the multi-
ple instance problem [17]. To minimize the objective function,
scoring function parameters are changed, which, in turn, lead to
different top-scoring binding modes and thereby to a modification
of the objective function. This feedback loop is commonly
addressed by iterative optimization. Table 1 additionally describes
the type of scoring function, the type of modification and the
molecular target(s). Because of interesting methodological simila-
rities, a few approaches for generic scoring function optimization
and fingerprint-based ‘scoring functions’ have been compiled in
Table 1 as well.

Two standard measures exist for evaluating the predictivity of
scoring functions: should quantitative activities of compounds,
like ICs or K; values, be known, correlation coefficients (R?) are
used. For qualitative data, that is compounds labeled active or
inactive, the ‘receiver operating characteristic’ (ROC) curve and its
area under the curve (AUC) are applied. The AUC gives the prob-
ability of correctly ranking a randomly chosen pair of an active and

an inactive compound (Box 1). ROC curves are similar to enrich-
ment curves, but in contrast to them, they have a sound statistical
foundation and are insensitive to the number of active and inac-
tive molecules [18].

Extended scoring functions

Most commonly, targeted scoring functions are based on estab-
lished scoring functions that are either extended, recalibrated, or
accompanied by special filters. AutoShim [19,20], for example,
does not modify the scoring function directly, but instead adds
new pharmacophore points, so-called ‘shims’, to the active site of
the docking target. The ligands interact with these pharmaco-
phores which modify their score. The weighting of the individual
pharmacophore points is calibrated by partial least squares (PLS)
regression to experimental affinities. An iterative procedure is
applied to allow for binding mode changes during the calibration
process. Predictive R% in the range of 0.21-0.57 were achieved [19].
For five out of seven kinase targets AutoShim performed better
than the best generic scoring function cited in [14] (R* = 0.32). The
generic AlScore [21] adds new hydrogen-bonding terms from ab
initio quantum chemical calculations to an established scoring
function. Trained on 101 protein-ligand complexes (R*=0.72-
0.76) it achieved a R? = 0.21 for 799 complexes from the PDBbind,
in comparison to only R = 0.03 for the original scoring function.
Ligand-specific scoring functions focused on carbohydrates [22]
and peptides (R* = 0.80-0.86) [23] have been developed using 2D
quantitative structure-activity relationship (QSAR) methods. 3D
QSAR models were also used to score protein-ligand complexes
and achieved an internally validated correlation coefficient of
R%?=0.61 for 79 thrombin inhibitors [24]. The addition of a term
for the buriedness of receptor interactions to a generic scoring
function improved the ranking of binding modes [25].

Recalibration using binary data

Using binary data for scoring function optimization has recently
gained particular popularity. Initially this was proposed by Smith
etal. [26] for optimizing the binding mode prediction of ligands in
contrast to noise compounds (decoys). Provided that the binning
procedure avoids ambiguous class assignments, binary data have
several favorable properties: firstly, the classification of binding
affinity into active and inactive reduces the impact of data incon-
sistencies caused by experimental factors. Secondly, it allows for
incorporating data about inactive molecules, where no experi-
mental binding affinities can be determined. For example, Pham
and Jain [27,28] optimized parameters of a scoring function by
sampling parameter space and observing the changes in the mean
squared error (MSE) of pK; prediction. They tweaked the standard
MSE function to take into account decoys, for which no pK; values
exist, and added terms for scoring function constraints. The
AUC clearly increased for two targets (polyA-ribose polymerase
AUC=0.89 —0.99, HIV protease AUC=0.91—-0.96) and
remained stable for most of the other targets. Notably, the default
scoring function already provided a remarkable discrimination of
actives and inactives. The assessment of statistical significance of
the observed changes is difficult, however, because no values for
the correlation of default and optimized scores are given [29]. The
target-specific optimization (TOP) approach [30] focuses comple-
tely on ligand-decoy (LD) discrimination. The TOP objective
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TABLE 1

Overview of recent reports on optimized and/or targeted scoring functions

Approach Type Method Score Target(s) Objective and algorithm Refs

AutoShim T Add PP Kinase ICso prediction optimized by iterative partial least squares [19,20]
regression

AlScore G Add QSAR Various AG prediction optimized by iterative grid search with [21]
continuous downhill refinement

BALLDock/Slick T Add QSAR Carbohydrates AG prediction optimized by multiple linear regression [22]

Hetenyi et al. T Add QSAR Peptide ligands AG prediction optimized by multiple linear regression [23]

AFMocC®" Adjust QSAR Thrombin pK; prediction optimized by partial least squares [24]
regression

O’Boyle et al. G Add QSAR Various Average rank of ligand poses versus decoy poses [25]
optimized by brute-force algorithm

Smith et al. G Adjust QSAR Various Average rank of native ligand pose versus decoy poses [26]
optimized by genetic algorithm

Pham et al. TG Adjust QSAR Various pKy prediction (incl. ligands and decoys) optimized [27,28]
by random walk and line search

TOP T Adjust QSAR CDK2, ERa, Discrimination of ligand and decoy scores optimized [30]

COX2 by iterative taboo search

POEM T Adjust QSAR Kinase, ATPase Binding mode prediction improved by iterative learning [32]
(neural networks) and optimization (genetic algorithm)

Andersson et al. G Adjust Various Various Binding mode prediction optimized by partial least [33]
squares regression

SSM T Adjust QSAR Various Binding mode (and AG) prediction optimized by [34]
Random Forest model

ITScore G Adjust PMF Various Mean success rate of correct docking optimized [35,36]
by iterative Boltzmann-weighted averaging algorithm

DrugScoreRNA T Adjust PMF RNA Binding mode prediction optimized by inverse [37]
Boltzmann approach

FLAP T Filter FP Kinase, TK, Matching of ligands and proteins evaluated by [38]

ERa, FXa comparison of 3D pharmacophore fingerprints

IFP T Filter FP ADRB2 (Ant)agonist prediction by Tanimoto comparison of [39]
interaction fingerprints

IFS T Filter FP mGluR5 Antagonist prediction by Tanimoto comparison of [40]
interaction fingerprints

Kumar et al. T Filter FP TMPK Inhibitor identification by cluster analysis of interaction [41]
fingerprints

Gozalbes et al. T Filter Various Kinase Score thresholds are learned from docking known [42]
ligands

TS-VS T Filter Various ERa Reduction of conformational artifacts by a four-step [43]

scoring and filtering procedure

function is based on the analysis of variance (ANOVA), which is
applied in classical statistics to assess the significance of differ-
ences between samples from two or more groups. Three different
scoring functions for cyclin-dependent kinase 2 (CDK2), estrogen
receptor a (ERa) and cyclooxygenase 2 (COX2) were trained on
small samples from the respective ‘directory of useful decoys’
(DUD) LD datasets [31]. This resulted in statistically significant
and practically relevant improvements in LD discrimination for
CDK2 and COX2, and - for all targets — in ligand-random (LR)
molecule discrimination. The strongest increase occurred for
CDK2: AUC;p = 0.67—0.83 (P<0.0001) and AUCr=
0.60 — 0.89 (P < 0.0001). The true positive rate at 5% false posi-
tive rate (TPRsq,) was enhanced as well: TPRso, 1p=0.21 — 0.36
(P <0.01), and TPRsy, g =0.09 — 0.51 (P <0.0001). Consider-
able improvements were also found in an external validation
using a large CDK2 dataset of 17,550 molecules. In general, it

was observed that LR molecule discrimination profits more from
the optimization than LD discrimination. This stems from the fact
that random molecules typically differ much more strongly from
the ligands than the property-matched decoys.

Optimization by statistical models

The approach of parameter optimization utilized by TOP and
similar methods resembles what is known as ‘design of experi-
ments’ in statistics. In fact, such methods have already been used
for the optimization of protein-ligand docking software. For
example, ‘parameter optimization using ensemble methods’
(POEM) has been proposed by Antes et al. [32] to find optimal
parameters for two established scoring functions on kinases and
ATPases. POEM is based on approximating the response to para-
meter changes by a statistical model, which is subsequently used
to locate new, promising parameter combinations. In a similar
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fashion, Andersson et al. [33] used a PLS approach to refine the
parameters of scoring functions for binding mode reproduction.
The ‘supervised scoring model’ of Teramoto and Fukunishi [34]
follows a slightly different approach: a rough linear correlation
between binding free energy and root mean square deviation
(RMSD) to the native ligand is utilized to improve predictions
of binding affinity. This correlation was weak for the original
scoring function, but was considerably improved by a Random
Forest model (Spearman correlation coefficient R25:0.69—0.90)
that was trained to predict binding mode RMSD from the original
scoring function terms. Ranking ligands and decoys from the DUD
dataset resulted in improved enrichments compared to the origi-
nal scoring function.

Optimized potentials of mean force

Another class of optimized scoring functions is represented by the
generic ITScore [35,36] and the target-specific DrugScore®™* [37].
Both are ‘potentials of mean force’, but the derivation is comple-
tely different: the distance-dependent DrugScore®™? potentials
were derived from crystal structures containing RNA using estab-
lished methods and were able to predict binding affinities of 15
RNA-ligand complexes with a Spearman correlation coefficient of
R%,=0.37. ITScore, in contrast, applies an iterative strategy to
improve the pair potentials until they correctly discriminate
between experimental binding modes and decoy ligand poses.
On a test set of 140 protein-ligand complexes a correlation coeffi-
cient for affinity prediction of R* = 0.55 was achieved.

Fingerprint scoring functions

Fingerprint-based scoring is another efficient method for target-
specific virtual screening. For example, Baroni et al. [38] developed
FLAP, which evaluates the complementarity of proteins and ligands
by comparing 3D pharmacophore fingerprints. This method out-

performed standard methods for ligand- and structure-design. de
Graaf and Rognan [39] used a topological scoring function based on
molecular interaction fingerprints (IFPs) for virtual screening of
agonists of the B2 adrenergic receptor. Various combinations of
established scoring functions with IFP were evaluated and the best
results for agonists and antagonists were around AUC = 0.991 and
0.995, respectively. These values are based on a database of 13
known antagonists/inverse agonists, 13 known partial/full agonists
and 980 drug-like, physico-chemically similar compounds ran-
domly selected from commercial suppliers. Interestingly, conven-
tional extended connectivity fingerprints for chemical similarity
were as effective as the IFP approach: AUC =0.998 and 0.990 for
agonists and antagonists, respectively. A similar approach called
‘interaction fingerprint scoring’ (IFS) was evaluated by Radestock
et al. [40]. They were able to demonstrate significantly higher
enrichment rates of antagonists of metabotropic glutamate receptor
5 when using IFS compared to five established scoring functions.
Another application of IFPs has been reported recently by Kumar
et al. who were able to identify inhibitors of thymidine monopho-
sphate kinase from M. tuberculosis [41].

Target-specific filtering

Target-specific virtual screening can be realized by appropriate
filtering procedures as well. Gozalbes et al., for example, learned
score thresholds for 6 scoring functions from docking 123 kinase
inhibitors into 3 kinase structures [42]. Virtual screening of a
kinase-targeted library (1440 compounds) and a generic collection
of drugs and drug-like compounds (2500 compounds) showed that
compounds that pass all thresholds have a higher chance for being
kinase inhibitors. The target-specific virtual screening (TS-VS)
developed by Knox et al. used atom distance and hydrogen-bond-
ing constraints to improve docking results [43]. TS-VS identified
three novel ligands of estrogen receptor o by virtual screening of
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FIGURE 1

Convergence, reproducibility and significance. The workflow of validating an approach to targeted scoring function for these criteria is illustrated using as an
example the validation of D-TOP which is the multi-factorial version of TOP. (a) The global optimization algorithm [54,55] of D-TOP quickly converges to a stable set
of parameters with an increased value for the objective function. (b) Like TOP, D-TOP uses a small sample of the training data for the optimization procedure. Here,
the training data consisted of small samples (400 compounds in total) from DUD datasets of p38c, Src, EGFR and CDK2. Different samples lead only to minor
effects on the final parameters of the scoring function. (c) After successful internal validation (31,756 compounds in total) an external validation was performed
using DUD data (7055 compounds in total) for FGFR1 and VEGFR2. Significant improvements of the area under the ROC curve and the true positive fraction at 5%
false positive rate (TPFsq,) were found for FGFR1 (AUC = 0.46 — 0.86) and VEGFR2 (AUC = 0.66 — 0.77, data not shown). The ROC curves with initial (orange) and
optimized (green) parameters and the fitted ROC curves (red and dark green) with their 95% confidence intervals (cyan) are depicted. These confidence intervals
result from binormal models that take into account the correlation of the scores [56]. Because the same molecules are used during docking with initial and
optimized parameters, it is important to consider this correlation for assessing the significance of the differences in those ROC curves.
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~200,000 compounds. One of them had an ICs, of 53 nM, was counterparts. It is, however, difficult to assess which approach is

selective against estrogen receptor B, and exhibited antiprolifera- the most promising. There is still no gold standard for evaluating
tive activity in the micromolar range. scoring functions, although this problem has become a subject of

much discussion [44]. For example, a comparison of the AUC
Future directions values achieved by different methods is tempting, but not neces-
Evaluation of methods sarily valid. Some scoring functions [27,28,39] were trained and
As can be seen from the discussion above, targeted scoring func- evaluated on backgrounds of various collections of random mole-

tions exhibit better predictivities on average than their generic cules, each of which contained approximately 1000 molecules. A
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FIGURE 2

Comparison of a targeted scoring function with a binary QSAR model for kinase inhibitor scoring. D-TOP was used to optimize a scoring function for the docking of
kinase inhibitors. Using small samples from the DUD datasets for CDK2, EGFR, p38a (data not shown) and Src (data not shown) as training data, new scoring
function parameters were identified that lead to improved predictivity for ligands and decoys on the full DUD datasets for all four targets (top panel, left: score
distributions - ligands in blue, decoys as dotted line — and ROC curves - filled with green - are shown). Additionally, they perform well in an external validation
using the DUD data for FGFR1 (lower panel, left) and VEGFR2 (data not shown). Replacing the DUD decoys with random drug-like compounds from commercial
suppliers does not have a significant impact on the performance of that scoring function. For comparison, a binary QSAR model was built using the exactly the
same training and test dataset. The binary QSAR method first transforms the descriptor vectors into orthogonal eigenvectors, which serve as input for a naive
Bayes classifier [50,57]. For the sake of comparability, only seven independent eigenvectors were used for creating the model, similar to the seven free parameters
of the docking scoring function. The ROC curves show that the model is highly predictive for the full dataset of ligands and decoys (internal validation, top panel,
right). Subsequently, the same external validation was performed as for the docking method (lower panel, right). Obviously, DUD ligands can be discriminated
from DUD decoys for both targets, FGFR1 (lower panel, right) and VEGFR2 (data not shown). DUD ligands, however, cannot be discriminated from random decoys
at all using this model (lower panel, right, orange ROC curve). This indicates a strong dependence of the QSAR model’s predictivity on dataset structure, an effect
that is independent of the QSAR model complexity and target protein. Evidently, this stands in contrast to the results of the D-TOP optimized scoring functions,
which do not suffer from this disadvantage.
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relatively small number of molecules, however, leads to large
estimation errors [45]. Although a random selection of molecules
may represent a challenge for a scoring function because of its
potentially large diversity, trivial property differences between
active compounds and random decoys result in undeservedly good
performance measures [45,46]. Therefore, it is advisable to evalu-
ate methods on large, property-matched datasets, even if the new
parameters are learned from small samples of training data. TOP
[30], for example, used 50-100 actives and 100 inactives from the
DUD LD dataset for training, but the test datasets contained up to
11,582 inactive molecules. This results in more conservative AUC
values. It is clear from the introductory discussion that a realistic
estimate of the AUC and the corresponding true and false positive
rates is important. Because of the enormous size of chemical space,
a large number of inactives in the test dataset are necessary to
simulate the effects of highly biased databases that are typically
used for virtual screening. The DUD datasets [31], for example,
have ratios of active to inactive molecules of 1:36, which makes
them particularly interesting, in addition to their public avail-
ability. Additionally augmenting the DUD datasets with a suffi-
cient number of random molecules allows for getting a realistic
and meaningful impression of virtual screening performance.

Scoring functions for target classes

Scoring functions for target classes provide a possibility to increase
efficiency as targeting not only single proteins, but instead a full
class of proteins brings a significant saving in computational costs.
Particularly, targeting classes of proteins provides a suitable com-
promise between larger applicability domains compared to single
target scoring functions and a better performance in comparison
to generic scoring functions. Additionally, the diversity of the
training data increases thereby improving robustness. For exam-
ple, ‘surrogate’ AutoShim [20] uses the AutoShim [19] procedure in
one crystal structure to reproduce affinity data for a different
protein of the same target class. Another extension, ‘ensemble
surrogate’ AutoShim refers to replacing the crystal structure with
an ensemble of structure representing a universal receptor for the
AutoShim procedure. Forty-one of 51 ‘ensemble surrogate’ Auto-
Shim models for kinases exceeded the R?=0.32 criterion, which
was the best performance for conventional docking [14].

A target-class approach, called D-TOP, was implemented within
the framework of TOP [30] as well: the one-way ANOVA objective
function of TOP was replaced in a straightforward manner with a
function based on multi-factorial ANOVA [47] to maximize the
discrimination of ligands and decoys for several targets of a target
class and multiple protein conformations simultaneously. An
initial evaluation study on protein kinases found significant and
robust improvements for all kinases in internal and external
validation (Seifert, unpublished). For example, the ranking of true
ligands was significantly improved within the DUD datasets for
FGFR1 (AUC=0.46 — 0.86) and VEGFR2 (AUC=0.66 — 0.77),
although these targets were not part of the training data
(Fig. 1). These results clearly underpin the potential of target-class
approaches to scoring function design.

Technical issues
Convergence, reproducibility and significance are the further
important parameters for the design and evaluation of targeted

scoring functions (Fig. 1). Firstly, fast convergence of the opti-
mization algorithm is important to limit the computational
costs. Secondly, robustness with respect to different samples
of training data is necessary to ensure reproducibility and
reliability. Finally, the significance of the improvements in
virtual screening performance has to be assessed in a rigorous
manner. These technical issues can be addressed by methods
that have been developed in computational engineering, opera-
tions research and statistics. For example, software packages are
available that implement algorithms for parameter estimation,
uncertainty quantification and sensitivity analysis (e.g. [48]).
These software packages additionally include advanced optimi-
zation methods (e.g. [49]).

As mentioned above, computational costs play an important
role. The complexity of protein-ligand docking algorithms
exceeds by far that of conventional machine learning methods.
In return for this complexity, protein-ligand docking has to
provide additional advantages. For example, Fig. 2 shows a
comparison of a Kkinase-targeted D-TOP-scoring function for
protein-ligand docking with an established machine learning
method, that is binary QSAR [50]. Obviously, on the same
dataset and with same degrees of freedom, the QSAR approach
gives better or at least comparable results for the internal
validation when the dataset composition, DUD ligands and
DUD decoys, is similar to the training data. However, when
confronted with a different dataset structure, DUD ligands and
random decoy molecules, the binary QSAR approach fails, in
contrast to the targeted scoring function. Presumably, this
interesting phenomenon is not unique to D-TOP and binary
QSAR, and certainly justifies more research on the multiple
prospects of targeted scoring functions for protein-ligand dock-
ing and virtual screening.

Conclusions

Targeted scoring functions are able to improve the predictivity of
virtual screening, thereby lowering false positive rates and increas-
ing the probability for identifying true hits. Thus efficiency is
increased and risk of failure is reduced. The ultimate benefit of
targeted scoring functions for drug discovery depends not only on
the false positive rate itself, but also on the costs caused by false
positives and false negatives [51]. Taking into account these costs,
for example for postprocessing, secondary assays and so on, the
determination of the required optimal statistical properties, that is
true and false positive rate, of a scoring function used for a
particular application is possible. In contrast to generic scoring
functions, targeted scoring functions enable to meet these require-
ments more easily as the size of applicability domain can be traded
off for a higher predictivity [52,53]. Therefore, targeted scoring
functions are a particularly promising method for improving
virtual screening.
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