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based QSAR model.

omitted from the screening.

Background: The virtual screening of large compound databases is an important application of structural-activity
relationship models. Due to the high structural diversity of these data sets, it is impossible for machine learning
based QSAR models, which rely on a specific training set, to give reliable results for all compounds. Thus, it is
important to consider the subset of the chemical space in which the model is applicable. The approaches to this
problem that have been published so far mostly use vectorial descriptor representations to define this domain of
applicability of the model. Unfortunately, these cannot be extended easily to structured kernel-based machine
learning models. For this reason, we propose three approaches to estimate the domain of applicability of a kernel-

Results: We evaluated three kernel-based applicability domain estimations using three different structured kernels
on three virtual screening tasks. Each experiment consisted of the training of a kernel-based QSAR model using
support vector regression and the ranking of a disjoint screening data set according to the predicted activity. For
each prediction, the applicability of the model for the respective compound is quantitatively described using a
score obtained by an applicability domain formulation. The suitability of the applicability domain estimation is
evaluated by comparing the model performance on the subsets of the screening data sets obtained by different
thresholds for the applicability scores. This comparison indicates that it is possible to separate the part of the
chemspace, in which the model gives reliable predictions, from the part consisting of structures too dissimilar to
the training set to apply the model successfully. A closer inspection reveals that the virtual screening performance
of the model is considerably improved if half of the molecules, those with the lowest applicability scores, are

Conclusion: The proposed applicability domain formulations for kernel-based QSAR models can successfully

identify compounds for which no reliable predictions can be expected from the model. The resulting reduction of
the search space and the elimination of some of the active compounds should not be considered as a drawback,
because the results indicate that, in most cases, these omitted ligands would not be found by the model anyway.

1 Background

An important task of cheminformatics and computa-
tional chemistry in drug research is to provide methods
for the selection of a subset of molecules with certain
properties from a large compound database. Often, the
desired property is a high affinity to a certain pharma-
ceutical target protein, and in the selected subset, the
likelihood of a compound to be active against that target
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should be considerably higher than the average in the
database. A common approach to this task is virtual
screening (VS) [1,2]. The idea is to predict a kind of
activity likelihood score, to rank a compound database
according to this score and to choose the top ranked
molecules as the subset.

A variety of approaches has been published for the
assignment of the desired score to a molecule. They can be
roughly divided into three classes: Docking-based scoring
functions, scores depending on similarity to known active
compounds and machine learning-based score predictions.
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Docking-based approaches [3-8] rank the compounds
according to the score obtained by a docking of the
compound into the binding pocket of the respective tar-
get protein. Therefore, these approaches use not only
the information about the small molecule but also the
structure of the target to estimate the activity; however,
this additional information comes at the expense of an
increased prediction time and the need for a 3D struc-
ture of the protein.

The computationally fastest approach to rank the
compound database, according to the estimated activity,
is to sort the molecules by their similarity to one or
more known binders. This approach gives good results
in many cases [9-12], but depends strongly on the cho-
sen query molecule and may be unable to discover
ligands of a different chemotype than the query mole-
cule [13].

The application of a machine learning model can be
considered as a trade-off between a fast prediction time
and the integration of additional information. In con-
trast to the similarity-based ranking, not only informa-
tion about known active compounds can be used, but
also known inactive compounds [14-17]. However, the
prediction is based on the prior assumption that the
structure-activity relationship is implicitly contained in
the training set. Therefore, it is important to be able to
decide whether the learned model’s prediction of the
activity of a molecule should be considered as reliable.
In a similarity-based ranking, this decision is not as
important, because the similarity score is directly related
to the similarity of the activity model represented by the
query molecule and the predicted compound. Unfortu-
nately, this direct relation is not present in a learned
model that predicts a complex property, like the quanti-
tative activity given as pKi or pIC50, and ranks the com-
pounds according to that property.

In order to address this reliability estimation problem,
the concept of the applicability domain (AD) of a
machine-learning model has been introduced [18-23].
Usually, it is applied in the context of a quantitative
structure-activity relationship (QSAR) application. Here,
the task is to predict the activity of a compound, where
the AD is used to estimate the relative quantitative pre-
diction error. Nevertheless, it should also be valuable for
virtual screening, because due to the large size of the
screening data set, it is to be expected that the struc-
tural diversity, and thus the impact of an inapplicable
model assumption, is greater than that for the structu-
rally more focused QSAR experiments.

Many approaches to estimate the applicability domain
of a QSAR model either define the geometric subset of
the descriptor space that is spanned by the training set,
or infer the multivariate probability distribution of the
respective descriptor vectors [20-24]. An alternative
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approach, similar to the concepts proposed in this work,
is to relate the applicability of a model to predict the
property of a molecule to the similarity of this com-
pound to the training set structures [18,19]. However, in
most cases the models have been trained using a vector-
ial representation of the molecules, so the vectorial
model and the similarity-based applicability domain are
defined in different spaces. Nevertheless, these
approaches often give convincing results. Recently, Hor-
vath et al. [21] published a meta-model approach to
applicability domain estimation and proposed an evalua-
tion procedure for QSAR applicability domains. Unfor-
tunately, these ideas cannot be easily extended to the
performance measures for virtual screening used in this
work, because they are largely based on the quantitative
differences between predictions and observations.

Another concept related to the applicability domain
estimation is the estimation of the predictive variance
using Gaussian processes [25]. This concept has been
successfully applied in QSAR/QSPR [26-28] as well as in
virtual screening [29], but has the disadvantage that the
error estimation is computationally very demanding.

The definition of the domain of applicability of the
training set using the vectorial representation of the
training samples by molecular descriptors prevents a
direct application to models trained by structured ker-
nel-based machine learning approaches. These machine
learning techniques have gained increased attention in
recent years in QSAR [30-34] as well as in virtual
screening [29,35,36]. Kernel-based learning algorithms,
like support vector machines (SVMs) [37,38], infer the
model for the relationship between the samples and the
respective properties in a high dimensional feature
space, which is only implicitly defined by the kernel. A
kernel can be considered as a special case of similarity
measure fulfilling these additional kernel properties.
Many kernels have been published, which cover differ-
ent aspects of molecular similarity but avoid the loss of
information caused by the encoding of the molecule as
a descriptor vector. However, the lack of a vectorial
representation prevents the direct application of many
of the applicability domain formulations.

In this work, we propose three formulations of the
applicability domains of kernel-based QSAR models,
which rely only on the kernel similarity of the struc-
tures, and thus can be applied to assess the reliability of
these models. The proposed AD definitions are evalu-
ated quantitatively on three different support vector
machine based VS experiments, consisting of screening
test data sets based on the DUD repository [39,40] and
respective training data sets taken from different sources
[41-45]. Furthermore, to avoid a kernel bias, we evalu-
ated three different types of structured molecule kernels:
the Optimal Assignment kernel (OAK)[46], the Flexible
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Optimal Assignment Kernel (FlexOAK)[47] and the
Marginalized Graph Kernel (MARG)[48].

We show that, in most cases, the reliability of the
ranking produced by the virtual screening is improved
and present guidelines for the application of this techni-
que in other experiments.

2 Methods
2.1 Metrics for Virtual Screening Evaluation
Many performance measures for the evaluation of a pre-
diction model, such as Matthew’s correlation coefficient,
accuracy, or precision, are unsuitable metrics for the
evaluation of virtual screening experiments. The reason
for this unsuitability is that these metrics do not address
the early recognition problem. The early recognition
problem is motivated by real-world VS experiments,
where only the top ranked compounds of the complete
data set are evaluated in biological assays. To address
this problem, several virtual screening metrics were sug-
gested and applied to compare different VS techniques.
One of those metrics is the Enrichment Factor, which is
defined for a predefined subset of the data set. This
measure indicates the ratio of the probabilities of finding
an active compound in the first X% of the data set and
that of sampling one at random from the complete data
set. Despite its early recognition sensitivity, the Enrich-
ment Factor has the drawback of being insensitive to
the relative ranking of the compounds in the top X%
and ignoring the complete ranking of the remaining
data set [49]. To address this problem, Truchon and
Bayly [50] developed a ranking sensitive metric with a
modifiable focus on the early recognition problem, the
BEDROC score. This metric uses an exponential decay
function to reduce the influence of lower ranked com-
pounds on the final score. The score has a parameter o
that allows the user to adjust the definition of the early
recognition problem. In this work, four different o
values were used to define different weightings of the
top ranked structures. Table 1 shows the a values
applied, together with the section of the data set that is
responsible for 80% of the final BEDROC score.
According to Table 1, an o value of 100.0 parame-
terizes the BEDROC score such that the ranking in the
first 1.6% of the data set contributes 80% of the final
BEDROC score.

Table 1 Relation between o and the fraction of the
screening set contributing 80% of the BEDROC score

Data set percentage o-value
1.6% 100.0
3.0% 536
32% 50.0
5.0% 322
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2.2 Kernel-based Machine Learning

Kernel-based machine learning techniques, like support
vector machines, have become a common approach to
learning quantitative structure-activity relationships. In
contrast to other machine learning algorithms, like partial
least squares or neural networks, kernel-based models do
not need an explicit feature encoding ¢ (x) (i.e., a descrip-
tor representation) for an object x (e.g., a molecule) from
the data space y. Instead, the data objects only occur in
terms of dot products (¢ (x), ¢ (x)) between pairs of
descriptor representations, which allow the so-called ker-
nel trick to be applied. Here, the idea is to replace both,
the feature encoding ¢ and the dot product by one func-
tion k: y x y — R, which directly maps a pair of objects to
a real number. The function k can be any kernel function
for which there exists a (not necessary explicit) descriptor
encoding function ¢@: y — R”, such that the kernel of two
objects x, x” corresponds to the dot product of their
respective descriptor representations ¢ (x), @ (x):

R(x,x") = ($(x),$(x) ) ey

This condition is fulfilled by any kernel function that
is symmetric and positive semi-definite. Thus, the fea-
ture encoding ¢ (x) does not have to be stated explicitly
and the kernel can be formulated directly on the data
object (e.g., the molecule). Therefore, the necessity to
encode a chemical structure as a numerical vector using
a set of explicitly calculated molecular descriptors could
be avoided by using a structured kernel (i.e., a kernel
that takes non-numerical objects). In this case, the ker-
nel method still operates in a vectorial space, but the
numerical representations of the data objects in that
space never have to be computed explicitly.

This article can only give a short introduction to the
idea of kernel-based machine learning. An excellent
overview as well as detailed descriptions of various ker-
nel-based techniques can be found in Schoélkopf and
Smola [51] for further reading.

2.3 Structured Kernels for Molecules

Structured kernels for complex objects usually resemble
sensible similarity measures for these types of objects. In
recent years, several such kernels have been published
that directly operate on molecular graphs and thus
avoid an explicit descriptor representation of the mole-
cules. The structured kernels that are used in this work
are the Marginalized Graph kernel (MARG) [48], the
Optimal Assignment kernel (OAK) [46], and its exten-
sion FlexOAK [47], which regards the molecular flexibil-
ity. Other examples are the iterative Optimal
Assignment approach [33], the Pharmocophore kernel
[35] and several other variants of molecular fingerprint-
like formulations [32,34,36].
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The kernels that are used in this work describe the
similarity between two molecules by considering pair-
wise atomic similarities and combining these in different
ways to compare the molecular structure. The atoms
are encoded by a set of atom descriptors consisting of
both nominal (e.g., part of ring, part of HB-donor, ...)
and numeric (e.g., Gasteiger-Marsili partial charges [52],
graph potentials [53], ...) features. The complete list of
the applied atom descriptors (as well of the bond
descriptors) is given in the additional file 1. The result-
ing feature representation of the atoms is used to define
the atomic similarity between two atoms. All kernels use
the same atomic similarity measure, but integrate the
single pairwise atomic similarities in different ways. The
atom and bond descriptors applied in this work were
computed using the open-source Java cheminformatics
library JOELib2 [54]. To conduct QSAR experiments
and to generate the QSAR models used for the virtual
screening in this work, the structured kernels presented
are used as kernels in a support vector regression.
Hence, the molecular representation, on which the
QSAR is computed, is solely given as the implicit feature
encoding hidden in the structured kernel. Thus, in con-
trast to most other QSAR related works, there is no
need for a set of molecular descriptors, beside the atom
and bond descriptors used by the kernels, to encode the
molecules as numerical vectors.

The Marginalized Graph kernel (MARG) was pub-
lished by Kashima et al. [48] in 2003. Its idea is to
define the similarity of two molecules as the sum of
similarities of atom sequences present in the molecules.
This concept is similar to various hashed fingerprint for-
mulations (e.g., Daylight) but has some differences. The
Marginalized Graph kernel considers every atom
sequence of arbitrary length in the molecule. Atoms are
allowed to occur multiple times in the sequences, thus
rings may lead to infinitely long sequences. The similar-
ity of two atom sequences is given as the sum of the
atom similarities of the pairs of atoms in corresponding
positions if the sequences have the same length, and is
set to zero otherwise. The final kernel is obtained by
summing the similarities of the atom sequences of the
molecules, whereas each sequence similarity is addition-
ally weighted by the probability that the respective
sequence is randomly drawn from the set of possible
sequences in the molecule. The multiplication by the
probability reduces the contribution of longer sequences
because they have an obviously lower probability of
being drawn randomly. This decreased contribution of
long sequences has the effect that the weighted sum
converges to a limit. This limit can be computed with-
out explicitly extracting the atom sequences from the
molecules by exploiting the product graph of the mole-
cular graphs. Therefore, the Marginalized Graph kernel
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is able to consider an infinite number of possible atom
sequences by computing the limit of the weighted sum
of the similarities directly. The obtained limit is the
expectation of the sequence set similarity and is taken
as the kernel value. The details of the algorithm are
beyond the scope of this article and are therefore
omitted.

The Optimal Assignment kernel published by Frohlich
et al [46] computes the kernel similarity of two mole-
cules by calculating the optimal bipartite graph match-
ing of the atoms of the two molecules. Each molecule is
regarded as a set of atoms augmented by their local
intramolecular neighborhoods. The kernel is obtained
by computing the optimal pairwise assignment of the
atoms (including their intramolecular neighboring
atoms) of the first molecule to the atoms of the second
molecule. The final kernel value is obtained as the sum
of the similarities of the assigned atoms normalized by
the self-similarities (i.e., the kernel similarities) of the
respective molecules. The normalization ensures that
the kernel values are always in the interval [0,1]. A ker-
nel value of one is only obtained for identical (by means
of the kernel) molecules.

The FlexOAK [47] has been published recently as an
extension of the OAK capable of regarding the intramo-
lecular flexibility of the molecules. Its idea is to intro-
duce a further measure for atom similarity that takes
the flexibility of the local intramolecular neighborhood
of the compared atoms into account. This extended
local similarity computation is realized by comparing
the spatial coordinates, on which the neighboring atoms
(up to neighbors of degree three, i.e., connected by
sequences of up to three bonds) can be placed by rotat-
ing some of the connecting bonds. The spatial coordi-
nates are encoded by a set of translation and scale
invariant parameters related to internal coordinates. The
comparison is then conducted by computing a numeri-
cal similarity of the parameter sets of the two compared
atoms. Thus, the similarity of the local flexibilities of the
two atoms is obtained as the similarity of the parameters
of the spatial positions and incorporated into the opti-
mal assignment computation. All other similarity aspects
(i.e., structural similarity and atomic descriptors) are
identical to the original OAK.

It has been shown [55] that kernels that are based on
an optimal assignment are not in general positive semi-
definite (i.e., their pairwise kernel-similarity matrix may
have negative eigenvalues). Nevertheless, the negative
eigenvalues typically observed in in-house experiments,
are so close to zero (usually > -0.0001) that it should
not have an effect on the practical application. This con-
clusion can be drawn because, due to numerical inac-
curacies, kernels that have been proven to be positive
semi-definite, sometimes yield similar small eigenvalues.
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The source code of the Optimal Assignment and the
Marginalized Graph kernel implementations can be
obtained from our department’s homepage [56]. A
working JOELib2 [54] environment is necessary for their
application.

2.4 Applicability Domain Estimation for Kernel Machines
The applicability domain of a statistical model is defined
as the subset of the underlying pattern space (e.g., the
ChemSpace) on which the model is expected to give
reliable predictions [19,20,22-24]. This formulation
makes the adaptation of this concept for kernel-based
learning methods difficult. In contrast to non-kernel
techniques, like most neural networks or decision trees,
the kernel model performs its estimations based on the
structure of the training set in the feature space impli-
citly defined by the kernel. Therefore, the applicability
domain has also to be defined by means of the kernel.
Because some kernels, like the RBF kernel, rely on a
descriptor vector, and the applicability domain of the
training set could be approximated in these cases by
geometrical approaches, in this work the selection of the
kernels was restricted to structured kernels, which work
directly on the molecular graph.

A possible kernel-based approach would be the appli-
cation of a Gaussian process to learn the model and
exploit its possibility to augment a prediction with its
estimated standard deviation. However, despite its simi-
larity to the above methods, this approach has to be
regarded more as a confidence estimation than as an
applicability domain estimation. Moreover, a Gaussian
process has the drawback that it requires a full matrix
inversion of the covariance matrix for each confidence
estimation (it can be approximated, but the complexity
is still larger than quadratic, see [57] for details), which
is computationally more demanding than the actual
prediction.

In this work, three pure kernel-based descriptions of
the applicability domain are introduced: the calculation
of the subspace of the implicit feature space that con-
tains most of the training patterns, which can be learned
with a one-class support vector machine and two
approaches to defining the domain boundary by a
threshold for the (weighted) average kernel similarity. In
contrast to the Gaussian process confidence estimation,
the proposed AD estimations can be calculated with
almost no computational overhead for the prediction.
2.4.1 Kernel Density Estimation
The Kernel Density Estimation (KDE) is a non-para-
metric approach to estimate the probability density of a
distribution given a set of n samples drawn from this
distribution and a kernel function k. The Gaussian ker-
nel density of a pattern set X at x is given by:

Page 5 of 20

1 x—xj, 1 1 (x—x')2
dy(x) = Y M hl)‘hnz;(mezhlz )

x;€X

The smoothing parameter /# could be fitted to the
application, but is neglected in our formulation to
ensure compatibility to an arbitrary kernel.

This concept can be adapted to other kernels by repla-
cing the Gaussian part by the kernel

score gpp = d(x) = %2 k(x, x;) ®3)

This density is identical to the average kernel similar-
ity of x to the patterns x; from the training set X. There-
fore, this approach is closely related to the similarity-
based AD formulations [18,19], with the difference that
the formulation in this case ensures that the AD and
the model are both defined in the same kernel-induced
feature space. Thus, it should be a good estimate of the
information that a kernel-based model has about that
part of the feature space or, by probabilistic means, how
likely it is that the sample x was drawn from the same
distribution as the training set.

2.4.2 Weighted Kernel Density Estimation

The kernel density estimate can be further augmented
with the knowledge that the model (in this case a sup-
port vector machine) was obtained during its training by
applying an approach motivated by a Gaussian mixture
model. A Gaussian mixture model is a model of a com-
plex probability distribution described as a weighted
sum of Gaussian distributions with means x; and var-
iances giz. In the one-dimensional case, this model is
expressed by:

px) = Y[ N(x | x;,07) @

The model parameters that are adapted to the obser-
vation are the mixing coefficients a; and the means and
standard deviations of the Gaussians. This concept
serves as the starting point to define a model-dependent
kernel-based applicability domain estimation. The key
idea is to integrate the knowledge encoded in a kernel
model into a Gaussian mixture scheme. This integration
is achieved by regarding the support vectors of the SVM
model as the centers of Gaussian distributions whose
(co)variances are represented by the applied kernel. The
mixing coefficients of the Gaussian mixture model are
replaced by the weights of the support vectors (i.e., the
signed Lagrange coefficients) that represent the learned
knowledge of the trained model. To obtain a probability
density for the distribution related to a support vector,
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the Gaussian density is expressed by means of the ker-
nel. To achieve this expression, several simplifications
are introduced. First, only 1-dimensional probability
densities are considered because the density is always
only evaluated for a single test sample, which allows a
1-dimensional embedding of the feature space defined
by the kernel and two data points (the support vector
and the test sample). Second, the Lagrange coefficients
that replaced the mixing coefficients are in general not
valid probabilities. Therefore, the modified mixture
model cannot be considered as a probability density.
However, this apparent drawback allows us to neglect
the normalization term of the kernel-based 1D Gaussian
probability density. Thus, the latter can be obtained
using the identity of the kernel value for an object pair
(x, ) € X x X and the inner product of the respective
feature space projection ¢ (x) for x € X:

k(x,7) = o(x)" o(y) (5)

Using this identity, the Gaussian distributions with
means y; and variances o 12 can be expressed by means
of the kernel:

(ox)-o(n)?
2
Nip()[p(n).0%) ~e 20
(o(x) ~20(x)o(u) ro(1)°)

2
=e 20 (6)
e, x)= 2k, p) +le(pt, 1)
—e 262
k(x, 1)1
2
=e O Jf k(x,x)=1Vxe X

Note that the kernel is assumed to be normalized (i.e.,
returns 1 if the two objects are identical). This assump-
tion is always met by the kernels used in this work, and
can be easily ensured for a general kernel by the follow-
ing normalization:

k(x,y)

k(x,y) = TR 0ky) (7)

Thus, the final confidence estimation can be comple-
tely expressed by means of the kernel:

k(x,x)-1

2
px)=Y |l © ®)

The variance of the single Gaussian terms can be
adapted to the problem, but is kept fixed to one in the
implementation used in this work. One drawback of this
formulation is that the score does depend on the
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number of support vectors as well as on the absolute
value of the Lagrange coefficients. To address this pro-
blem the score obtained by Eq. (7) is normalized:

p(x)
>ail ©)
1

score wKDE =

2.4.3 One Class SVM

The One-Class SVM, published by Scholkopf et al. [58],
is an approach to compute the domain of a set of »
training samples in the kernel induced feature space.
The result is a decision function, which returns a posi-
tive value for a data instance inside the domain and a
negative for those outside of it. Like standard SVMs it is
formulated as a quadratic program in which the data
from an arbitrary space y only appears in an inner pro-
duct in the dual formulation and thus can be replaced
by any Mercer kernel k: x x y — R. The optimization
problem is given by:

MIN,, %Zaiajk(xi, x;)

i,j

1 .
s.t. O0<a;<—,Vi
vn

S

i

The regularization can be adapted by the parameter v,
which can be regarded as an upper bound on the frac-
tion of training set outliers [38]. The One-Class SVM
can be applied in the applicability domain estimation by
training a One-Class model on the training data set and
using the value of the decision function as an applicabil-
ity score.

scoreong = Zaik(x,xi)

1

(11)

Note that the model selection is more difficult than
that in regression or classification because no quantita-
tive quality measure can be optimized with a cross-vali-
dation on the training data. Therefore, the regularization
parameter has to be chosen solely by the user. It this
work, this parameter has been kept constant using the
LibSVM 2.83 [59] default settings.

3 Experimental

3.1 Data Sets

The evaluation of the proposed methods for the applic-
ability domain estimation has requirements that restrict
the number of freely available data sets. An established
resource of data sets for VS experiments is the DUD
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collection published by Huang et al. [39]. Originally
designed for docking studies, these data sets have
recently been prepared for ligand-based virtual screening
experiments by Jahn et al. [10,40] according to the pre-
paration protocol proposed by Cheeseright et al. [60]
and Good and Oprea [61]. A subset of the data sets pre-
pared by Jahn et al [10,40] was chosen to provide as
external screening test sets for the quantitative evalua-
tion of the applicability domain estimation. The subset
was selected according to two criteria. First, there has to
be another data set containing enough molecules with
known quantitative activities to the respective target to
serve as a training set for a QSAR model. Second, no
molecule from the training set may be part of the
screening set. The use of a procedure for a removal of
duplicates was rejected because the active/decoy ratio is
constant for all DUD data sets and the removal of the
duplicates from the training set would result in a huge
loss of training samples. This loss is, because in many
observed cases (e.g. the Sutherland compilation [45]) a
large portion or even the complete potential QSAR
training set was incorporated in the DUD data set.

These requirements were met for Thrombin, Factor
Xa and Platelet-derived growth factor receptor B
(PDGERB) (Table 2). The screening sets were taken
from Jahn et al. [10,40] and consisted of 24 actives and
1148 decoys for Thrombin, 64 actives and 2092 decoys
for Factor Xa and 124 actives and 5603 decoys for
PDGEFRB. The respective training sets were taken from
Sutherland et al. [45] (88 molecules annotated with pK;
Thrombin inhibition, originally published by Bohm et al.
[41]), Fontaine [42] (290 molecules annotated with pK;
Factor Xa inhibition) and Guha [43] (79 molecules
annotated with pIC50 PDGFR-B inhibition, originally
published by Pandey et al. [44]).

The disjunction of the training and the screening sets
was checked by comparing the unique SMILES repre-
sentations of the molecules. Because the kernels used in
this work are not able to differentiate between stereoi-
somers, the stereochemical information in the SMILES
was neglected. Thus, stereoisomers would have been
considered as identical if there would have had been any
in the data sets.

All datasets used in this work are publicly available.
The exact SD files [62] used for training can be obtained

Table 2 Statistics of the data sets for the different
targets

Target Training Screening Ligands Decoys
Compounds Compounds
Thrombin 88 1172 24 1148
Factor Xa 290 2156 64 2092
PDGFRB 79 5727 124 5603
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from our department’s website [63]. The screening data-
sets can be obtained from the DUD site listed as DUD
LIB VS 1.0 [64].

3.2 QSAR learning and virtual screening

A single experimental setup is determined by the target
protein to be modeled, the structured kernel, which is
used for SVM and applicability calculation, and the for-
mulation of the applicability domain. Each experiment
was conducted in the same fashion. A standard QSAR
model was learned on the training data set using &-sup-
port vector regression and the respective kernel. The
only parameter that was optimized was the soft margin
SVM parameter C. The optimization was conducted by
searching for the value for C in the set {e>, e™®,.., e* e°}
that minimizes the average RMSE on a 5-fold cross-vali-
dation. The cross-validation estimates of the model per-
formance are shown in Table 3. The model selection
that yields these estimates is biased to the selection of
the cross-validation folds, so the results cannot be con-
sidered as reliable estimates of the true model perfor-
mance. However, they give a hint of the descriptive
power of the model for the training set, and the main
results of this work on the screening data sets are
obtained independently of this training set performance
estimation. The training of the SVM was conducted
using the Java implementation of LibSVM 2.83.

For the screening evaluation, the learned model is
used to rank the respective screening data set according
to the learned property (i.e. pK; or pIC50). The different
activity measures can be neglected because they are con-
sistent for each experiment (Thrombin, Factor Xa,
PDGFRp) and for the screening evaluation only the
ranking of the compound and not the exact activity is of
importance. For each screening data set, the rankings
are further filtered using one of the three applicability
score formulations. The complete range of scores on the
screening set is divided into 20 equidistant score thresh-
olds in Figures 1, 2, 3, 4, 5 and 6. In these figures, the
score threshold values, for which less than 50 com-
pounds are retained in the AD, are omitted, because the
performance measures are not robust for such small
data sets. Otherwise, the evaluation of these small data
sets would result in large changes in the performances
caused by small changes in the screening ranking (i.e.,
with less than 50 compounds retained a change of the
top ranked compound alone would affect 80% of the
BEDROC(100) score). In addition to the six example fig-
ures, a complete list of the figures for the different
experiments is presented in the additional file 2.

In addition, the thresholds are determined, which retain
50%, 33%, exactly 200, and exactly 100 compounds in
the AD to provide comparable performance measures
(Tables 4, 5 and 6). For each score threshold, the
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Table 3 Results of the QSAR training and the virtual screening without consideration of the applicability domain

Thrombin Factor Xa PDGFRpB
OAK FlexOAK MARG OAK FlexOAK MARG OAK FlexOAK MARG
QSAR Training
Q? 049 +0.17 052+015 052+011 082+008 085+006 078+0.1 038 +024 037029 040+022
RMSE 0.55 £ 0.22 051+£015 050+017 063+024 053+£017 077+029 034+025 038+£030 032+022
Virtual Screening without Applicability Domain Estimation
AUC 045 0.51 0.54 0.74 0.68 0.54 0.58 0.54 0.25
BEDROC (100.0) 042 0.29 0.29 0.32 0.28 0.00 0.13 0.10 0.07
BEDROC (53.6) 037 0.29 0.27 0.31 0.25 0.01 0.12 0.09 0.06
BEDROC (32.2) 037 0.29 0.27 033 0.24 0.01 0.12 0.09 0.06
BEDROC (20.0) 0.35 0.30 0.28 037 0.26 0.02 0.13 0.11 0.05
AD filtering effects on BEDROC performance : AD filtering effects on AUBOC and com‘pound‘count performance
e TR, — 7 [ AuRoc
alpha=53.6 . e
alpha=32.2 / \.
91— alpha=20.0 N\ 1000

BEDROC
AN
\

L L
-8 -7 -6

L L
-16 -15 -14 -13 -12 -1 -10

-9
AD Score (OneClass + OAK)

AD are omitted).

Figure 1 Effect of the One-Class AD on the Thrombin VS performance of the OAK model. Virtual screening of the Thrombin data set
using the Optimal Assignment kernel and the One Class SYM AD Formulation (values for the threshold retaining less than 50 compounds in the

AUROC
Number of retained compounds

06

L I L L L L I L 0

13 -12 -1 4‘0 -9 -8 -7 -6
AD Score (OneClass + OAK)

screening data set is divided into a set of molecules that
possess an AD score lower than the threshold and thus
are considered as outliers, and a set of molecules for
which the prediction is regarded as reliable at the
respective applicability level.

4 Results and Discussion

The QSAR results for all kernels and data sets are pre-
sented in Table 3. The training data sets were not all
equally well learned as shown by the different cross-vali-
dation results. All kernels were capable of describing the
Factor Xa inhibitors in a manner that allows the learn-
ing of a QSAR model with a good cross-validation per-
formance. Thrombin and PDGFRPB seem to be less
suited for learning the respective QSAR, but despite the

low correlation coefficients, the prediction error still was
small enough to apply the model in a VS experiment.
The second part of Table 3 shows the virtual screen-
ing performance of the QSAR models by means of the
Area-under-the-ROC-Curve (AUROC) and the BED-
ROC scores for four different choices of a (shown in
brackets). Except for the AUROC for the Factor Xa data
set using either the OAK or the FlexOAK, none of the
performance criteria were good enough to expect a suc-
cessful application of the models for virtual screening.
Generally, the molecules for which wrong predictions
are obtained from a model generated using a supervised
machine learning algorithm can be roughly divided into
two classes: first, molecules that are too dissimilar to the
compounds from the training set for us to expect to
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AD filtering effects on BEDROC performance
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Figure 2 Effect of the One-Class AD on the Thrombin VS performance of the MARG model. Virtual screening of the Thrombin data set
using the Marginalized Graph kernel and the One Class SVM AD Formulation (values for the threshold retaining less than 50 compounds in the
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are omitted).

Figure 3 Effect of the One-Class AD on the Factor Xa VS performance of the OAK model. Virtual screening of the Factor Xa data set using
the Optimal Assignment kernel and the One Class SVM AD Formulation (values for the threshold retaining less than 50 compounds in the AD
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draw conclusions about them considering only the train-
ing set, and second, those molecules that are similar to
the molecules from the training set but whose proper-
ties are not consistent with the QSAR similarity para-
digm [65] that states that similar molecules should have
similar properties. The first class should be recognizable
using an applicability domain estimation, and should

not properly be considered as errors, but rather as out-
liers, for which the model is not defined. The second
class can be considered as “real” errors of the model. A
possible cause for such errors may be that the respective
molecules come from a part of the ChemSpace that lies
inside the applicability domain of the training data set,
but has too few training samples to describe the
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AD filtering effects on BEDROC performance
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Figure 4 Effect of the One-Class AD on the Factor Xa VS performance of the FlexOAK model. Virtual screening of the Factor Xa data set
using the FlexOAK kernel and the One Class SYM AD Formulation (values for the threshold retaining less than 50 compounds in the AD are
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Figure 5 Effect of the wKDE AD on the PDGFRP VS performance of the FlexOAK model. Virtual screening of the PDGFRB data set using
the Flexible Optimal Assignment kernel weighted KDE AD Formulation (values for the threshold retaining less than 50 compounds in the AD
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curvature of the modeled property adequately. An alter-
native possibility is that the modeled property changes
rapidly in that part of the space, as would be the case
for a so-called activity cliff [66-68]. In both cases, an
applicability domain estimation cannot be expected to
detect and remove these molecules.

The modest performance of the QSAR models in the
virtual screening is the result of unreliable predictions
for molecules, for which the models are apparently not

specified (i.e., the first type of misprediction), as well as
wrong implications learned by the model (i.e., the sec-
ond type of misprediction). The applicability domain
estimation should be able to remove the first kind and
to improve the reliability of the predictions accordingly.

4.1 Effect on the prediction time

The applicability score using one of the two density-
based formulations can be calculated in the same
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Figure 6 Effect of the wKDE AD on the PDGFRP VS performance of the MARG model. Virtual screening of the PDGFRB data set using the
Marginalized Graph kernel and weighted KDE AD Formulation (values for the threshold retaining less than 50 compounds in the AD are
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iteration as the model prediction, leading to almost no
computation time overhead. In contrast to that, for the
One-Class AD estimation a second model has to be
generated in addition to the screening model to describe
its applicability domain. Thus, for each compound two
predictions have to be calculated (one for the screening
and one for the AD score) leading to an approximately
doubled computation time.

4. 2 Thrombin

Table 4 shows several results of the virtual screening
experiments for Thrombin. It can be seen that the
screening performance of a model is improved as the
applicability domain becomes more restrictive. If the
threshold is chosen such that exactly 100 compounds
remain in the domain, a very good and significant enrich-
ment can be achieved (OAK + One-Class ADE) yielding
an AUROC of 0.97 and BEDROC scores between 0.78
and 0.90. The number of ligands is reduced to about one
third, but simultaneously the number of decoys is
reduced to 3.7%, changing the prior probability of choos-
ing a ligand by chance from 1:36 to ~1:7. The higher ran-
dom probability of getting a good enrichment is
considered by a permutation significance test. The results
indicate that all three kernels, as well as all three applic-
ability domain formulations, are suitable to improve the
reliability of the virtual screening ranking of the respec-
tive QSAR models. The Optimal Assignment kernel is in
most cases the best choice (an example is presented in
Figure 1), because it shows comparably good results with

each AD formulation and leads to very reliable rankings
regardless of how the AD threshold is chosen. The Mar-
ginalized Graph kernel seems to be very sensitive to the
applicability domain. It is nearly as good as the OAK if
the threshold is very restrictive, but the virtual screening
performance decreases faster if a looser domain threshold
is chosen (Figure 2).

Note that the Figures 1, 2, 3, 4, 5 and 6 cannot be
compared with each other by comparing the scores
shown on the x-axis because the AD score depends on
the AD formulation, the kernel and the data set leading
to different score ranges and distributions for each
experiment. For comparison purposes, the respective
tables (Tables 4, 5, 6) should be taken into account.
However, the figures are presented to provide informa-
tion about the overall behavior of the performance
measures regarding all possible threshold choices, and
the x-axes share the property that they cover the whole
AD range. On the left side, all compounds are retained
in the domain, whereas on the right side less than 50
compounds remain. Thus, the general behavior over the
complete AD range of the different approaches can be
compared to each other using the figures, but not by
using a single quantitative threshold evaluation.

4.3 Factor Xa

In contrast to the Thrombin experiment, the kernels
perform differently in the Factor Xa VS (Table 5). The
Optimal Assignment kernel seems to be a good choice,
yielding reliable rankings for most of the thresholds
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Table 4 Virtual Screening results for Thrombin at five different applicability levels

Kernel ADE Threshold AUROC BEDROC (o) Ligands Decoys
100.00 53.6 32.2 20.0
OAK KDE 50% 0.64 0.88 0.61 0.60 0.60 0.61 11 575
33% 0.66 0.87 0.66 0.63 0.63 0.64 10 380
200 0.68 0.97 0.78 0.72 0.73 0.73 8 192
100 0.69 0.97 0.90 0.81 0.81 0.78 8 92
wKDE 50% 0.64 0.88 0.61 0.60 0.60 0.61 Il 575
33% 0.66 0.87 0.66 0.63 0.63 0.64 10 380
200 0.68 0.97 0.78 0.73 0.73 0.74 8 192
100 0.69 0.97 0.90 0.81 0.81 0.78 8 92
ONE 50% -9.61 0.88 0.62 0.60 0.60 0.60 " 478
33% AN 0.87 0.66 0.63 0.63 0.64 10 380
200 -8.06 0.94 0.77 0.69 0.68 0.68 9 191
100 -7.08 0.97 0.90 0.81 0.81 0.78 8 92
FlexOAK KDE 50% 0.64 0.85 0.43 047 0.48 0.52 11 575
33% 0.65 0.91 0.49 0.53 0.53 0.59 9 381
200 0.67 0.91 0.59 0.58 0.58 0.63 8 192
100 0.68 0.91 0.74 0.67 0.67 0.69 8 92
wKDE 50% 0.64 0.78 0.41 0.45 0.46 0.49 12 574
33% 0.65 0.91 0.49 0.53 0.53 0.59 9 381
200 067 0.91 0.59 0.58 0.58 0.63 8 192
100 0.68 0.91 0.74 0.67 0.67 0.69 8 92
ONE 50% -9.80 0.91 0.49 0.54 0.54 0.59 10 576
33% -9.07 0.91 0.55 0.59 0.60 0.64 9 381
200 -8.10 0.92 0.62 0.63 0.64 0.68 8 192
100 -732 0.98 0.74 0.68 0.68 0.71 7 93
MARG KDE 50% 0.876 0.81 0.45 043 043 0.45 12 574
33% 0.885 0.96 0.56 0.58 0.58 0.62 8 382
200 0.893 0.94 0.62 0.58 0.58 0.59 8 192
100 0.899 0.93 0.90 0.80 0.79 0.74 8 92
wKDE 50% 0.882 0.81 0.46 0.44 0.44 0.47 12 574
33% 0.891 0.96 0.56 0.58 0.58 0.62 8 382
200 0.899 0.95 0.77 0.69 0.69 0.68 8 192
100 0.905 0.93 0.90 0.80 0.79 0.74 8 92
ONE 50% -2.631 0.80 0.42 0.42 043 0.46 Il 531
33% -2.334 0.88 0.52 0.50 0.50 0.52 9 381
200 -1.932 0.93 0.61 0.54 0.54 0.54 8 192
100 -1.607 0.92 0.73 0.64 0.63 0.61 7 93

The threshold is adjusted such that either a certain fraction (50%, 33%) of the compounds or that exactly n compounds (n = 200, 100) remain in the domain.
Results, which differ significantly from random rankings (p-Value < 0.01) are shown in bold.

(Figure 3). The performance decreases slightly around
the -10.0 One-Class threshold score, but recovers
rapidly if the threshold is further increased. This result
might be caused by the removal of some ligands, due to
their low applicability score, which actually had been
predicted correctly.

In contrast, the Marginalized Graph kernel does not
seem to be able to describe the activity to Factor Xa at
all, and the model shows poor generalization ability.
Thus, it can be concluded that the applicability domain
estimation cannot fix a model by outlier detection, if the

model seems not to have learned any relevant relation-
ship between the structures and their activity. This find-
ing also makes a case for the importance of a true
external validation of a QSAR model. However, the bad
results of the Marginalized Graph kernel, regardless of
the choice for the AD threshold, should not be inter-
preted as a weakness of the applicability domain estima-
tion. If the model itself fails, the AD estimation cannot
be expected to fix it.

The most interesting results in the Factor Xa experi-
ment are given by the Flexible OAK (Figure 4). In
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Table 5 Virtual Screening results for Factor Xa at five different applicability levels

Kernel ADE Threshold AUROC BEDROC (o) Ligands Decoys
100.00 53.6 32.2 20.0
OAK KDE 50% 0.645 0.78 0.59 0.52 0.51 0.49 58 1020
33% 0.65 0.78 0.68 0.62 0.61 0.57 57 661
200 0.67 0.74 0.58 0.68 0.69 0.69 52 148
100 0.68 0.62 036 053 0.54 0.61 40 60
wKDE 50% 0.65 0.78 0.59 0.52 0.51 0.49 58 1020
33% 0.66 0.78 0.65 0.59 0.58 0.55 57 661
200 067 0.74 0.58 0.68 0.69 0.69 53 147
100 0.68 0.62 036 0.55 0.58 0.64 42 58
ONE 50% -15.09 0.78 0.60 0.53 0.53 0.50 58 966
33% -13.98 0.78 0.65 0.58 0.51 0.53 58 660
200 -10.84 0.73 0.58 0.68 0.69 0.69 56 144
100 -733 061 036 0.55 057 064 45 55
FlexOAK KDE 50% 0.64 0.76 042 0.38 0.38 0.37 59 1019
33% 0.64 0.75 0.43 041 041 0.39 58 660
200 0.66 0.62 0.1 0.18 0.18 022 47 153
100 0.67 048 0.00 0.03 0.04 0.07 43 57
wKDE 50% 0.64 0.76 0.40 0.37 0.37 0.36 59 1019
33% 0.65 0.74 0.40 0.39 0.38 0.37 57 661
200 0.66 0.63 0.11 0.18 0.18 022 48 153
100 0.67 048 0.00 0.03 0.03 0.07 43 57
ONE 50% -1540 0.76 0.41 0.38 0.38 0.37 59 1016
33% -13.86 0.75 043 0.42 0.42 0.40 59 659
200 -10.92 0.64 013 023 0.24 0.29 51 149
100 -8.20 042 0.00 0.03 0.04 0.08 44 56
MARG KDE 50% 0.84 057 0.00 0.02 0.02 03 54 1024
33% 0.85 0.57 0.00 0.01 0.02 0.03 44 674
200 0.864 048 0.00 0.00 0.00 0.00 21 179
100 0.866 0.56 0.00 0.00 0.00 0.00 16 84
wKDE 50% 0.845 057 0.00 0.01 0.02 0.03 54 1024
33% 0.852 0.56 0.00 0.00 0.00 0.01 43 675
200 0.86 047 0.00 0.00 0.00 0.00 21 180
100 0.87 0.55 0.00 0.00 0.00 0.00 16 84
ONE 50% -11.30 0.56 0.01 0.02 0.02 0.03 55 1014
33% -9.95 055 0.04 0.01 0.01 0.02 43 675
200 -7.79 041 0.00 0.00 0.00 0.00 14 186
100 -7.09 047 0.00 0.00 0.00 0.00 8 92

The threshold is adjusted such that either a certain fraction (50%, 33%) of the compounds or that exactly n compounds (n = 200, 100) remain in the domain.
Results, which differ significantly from random rankings (p-Value < 0.01) are shown in bold.

general, the latter should behave similarly to the Opti-
mal Assignment kernel, but in this case, it shows differ-
ent results. In contrast to the OAK, the performance of
the Flexible OAK does not recover immediately, indicat-
ing a more severe cause of the decreased reliability.
Instead, this difference might not be caused by the dif-
ference in the AD estimation, as the numbers of ligands
and decoys above the respective thresholds are nearly
identical. Thus, the difference is more likely caused by
the different rankings obtained by the QSAR models of
OAK and FlexOAK. The OAK produces a good ranking

of the innermost 50 compounds (right x-axis boundary
in Figure 3) yielding an AUROC of nearly 0.8 for the
One-Class AD (Figure 3), whereas the FlexOAK leads to
an almost arbitrary ranking on the right AD score
boundary (Figure 4). A possible cause for this result
may be that there are some compounds that are similar
enough to the training set to be retained even in the
most restrictive applicability domain, but whose SAR is
not described correctly by the learned QSAR model.
These cases can be seen as example for the second type
of error introduced at the beginning of the results
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Table 6 Virtual Screening results for PDGFRJ at five different applicability levels

Kernel ADE Threshold AUROC BEDROC (o) Ligands Decoys
100.00 53.6 32.2 20.0
OAK KDE 50% 0.62 0.68 0.22 0.19 0.19 0.19 74 2789
33% 0.63 0.67 0.28 0.22 0.22 0.21 55 1854
200 0.667 0.78 0.80 0.65 0.64 0.57 7 193
100 0.673 0.79 0.95 0.83 0.82 0.72 6 94
wKDE 50% 0.62 0.68 0.22 0.19 0.18 0.19 74 2790
33% 0.63 0.67 0.28 0.22 0.22 0.21 56 1853
200 0.665 0.76 0.79 0.63 0.61 0.53 8 192
100 0672 0.87 0.95 0.83 0.82 0.73 6 94
ONE 50% -11.58 0.67 0.22 0.19 0.19 0.19 76 2781
33% -10.95 0.66 0.26 0.20 0.20 0.19 58 1851
200 -8.93 0.78 0.80 0.65 0.64 0.57 7 192
100 -8.64 0.78 0.95 0.83 0.82 0.72 6 94
FlexOAK KDE 50% 061 0.61 0.18 0.15 0.15 0.15 67 2796
33% 0.62 0.65 0.25 0.21 0.20 0.20 52 1857
200 0.647 0.84 0.79 0.61 0.60 0.53 9 191
100 0.653 0.87 0.95 0.82 0.80 0.70 7 93
wKDE 50% 0.61 0.61 0.18 0.15 0.15 0.15 61 2796
33% 0.62 0.65 0.25 0.20 0.20 0.20 52 1857
200 0.646 0.83 0.79 0.61 0.60 0.52 9 191
100 0.653 0.85 0.95 0.81 0.79 0.68 8 92
ONE 50% -12.67 0.61 0.18 0.15 0.15 0.15 67 2796
33% -12.04 0.65 0.25 0.20 0.20 0.20 50 1859
200 -10.33 0.82 0.79 0.61 0.59 0.52 9 191
100 -0.97 0.86 0.95 0.82 0.80 0.70 7 93
MARG KDE 50% 0.83 037 0.13 0.11 0.11 0.11 52 2812
33% 0.84 040 0.18 0.17 0.17 0.17 25 1884
200 0.87 0.54 0.65 0.49 0.48 0.43 8 192
100 0.88 0.76 0.88 0.75 0.73 0.66 4 96
wKDE 50% 0.81 035 0.13 0.12 0.11 0.1 49 2814
33% 0.82 0.38 0.17 0.17 0.17 0.17 29 1880
200 0.86 057 0.65 0.49 0.48 042 8 192
100 0.87 0.86 0.91 0.82 0.81 0.77 3 97
ONE 50% -5.05 0.39 0.13 0.11 0.11 0.11 51 2812
33% -4.58 042 0.19 0.18 0.18 0.18 26 1883
200 -3.09 054 0.65 0.49 0.48 0.43 8 192
100 -2.79 0.85 0.91 0.82 0.81 0.77 3 97

The threshold is adjusted such that either a certain fraction (50%, 33%) of the compounds or that exactly n compounds (n = 200, 100) remain in the domain.
Results, which differ significantly from random rankings (p-Value < 0.01) are shown in bold.

section. In this case, the FlexOAK seems to struggle
with an activity cliff, but the original Optimal Assign-
ment kernel does not. Therefore, it can be concluded
that the FlexOAK overestimates the similarity of mole-
cules regarding their Factor Xa activity (i.e., regards
molecules as more similar than they are and thus makes
the activity landscape rougher) and that the OAK
describes the respective SAR better.

4.4 Platelet Derived Growth Factor Receptor 8
As in the other screening experiments, the Optimal
Assignment kernel shows the best ranking performance

regardless of which criterion and applicability threshold
are chosen. The Flexible OAK (Figure 5) is competitive
in most cases and seems to be able to retain a higher
fraction of the ligands in the more stringently defined
applicability domains.

The most interesting behavior on this screening data
set shows the Marginalized Graph kernel (Figure 6). In
the innermost domain presented in Table 6, consisting
of the 100 compounds with the highest applicability
scores, very few ligands are contained. Thus, regarding
this similarity measure, in this case the ligands from the
screening set are less similar to the training set than at
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least 96 (KDE formulation, Table 6) of the decoys. At
this point, it is important to keep in mind that the
applicability score depends not only on the similarity to
the active structures from the training set but also on
the inactive ones. This contribution of the inactive train-
ing samples may have a bigger impact in the PDGFRp
experiment than in the others, because all kernels regard
a much higher proportion of the ligands as outliers than
in the other screening experiments (i.e., the decoys
might be more similar to the training set (inactives)
than the ligands).

In conclusion, this result should not be interpreted as
a weakness of the kernel, because it shows good screen-
ing performance at the 200 and 100 compound thresh-
old levels. Instead, it should be regarded as the effect of
the feature spaces in which the different kernels work
and as a hint that the domain should not be defined too
strictly.

4.5 Significance Test

The application of the AD threshold filter to the screen-
ing data sets often has a large impact on the distribution
of ligands and decoys as well as on the number of com-
pounds evaluated, and thus changes the probability of
getting a certain result by chance. Thus, the improve-
ment of the screening performance in the applicability
domain could be a result of the higher probability of
getting a good ranking by chance, due to the smaller
size and the increased proportion of ligands. To ensure
that this situation does not apply and that the improved
performance measures are an effect of the removal of
outliers rather than the result of an easier task, the sta-
tistical significance of the AUROC and the BEDROC
scores is calculated using a permutation test.

The permutation test calculates the probability of
obtaining an AUROC at least as high as the observed
one by a random ranking of the same base distribution
(same number of ligands and decoys). The distribution
of the AUROC is approximated by generating 10.000
random rankings with the respective numbers of ligands
and decoys. The p-value of the observed AUROC is cal-
culated as the relative number of random rankings with
an AUROC at least as high as the observed one. Thus,
it is an estimate of the probability of producing at least
as high an AUROC by chance.

This setup considers the effect of the base distribution
on the performance measure of a ranking, and thus
allows us to distinguish meaningful rankings from ran-
dom ones. Note that this significance test does not com-
pare two screening experiments and cannot be
interpreted as one experiment being significantly better
than the other. It simply ensures that a screening result
is not random. The same evaluation was conducted for
each of the BEDROC scores.

Page 15 of 20

4.6 Choice of the threshold

Unfortunately, our experiments indicate that there
seems to be no suitable default threshold for any of the
applicability domain estimations. Table 7 shows that the
ranges of the threshold, and thus the spatial representa-
tions of the applicability domains, strongly depend on
the kernel. This dependence alone would be no draw-
back, but the training data set also affects the possible
values of the applicability score. However, there are
some guidelines for choosing a threshold that should
give good results.

All applicability domain approaches presented in this
work tend to suffer from wrong QSAR model predic-
tions in the innermost applicability domain, which are
probably caused by wrong structure-activity relationship
assumptions. This impact of possibly wrong QSAR
assumptions gets especially apparent in the FlexOAK
screening of the Factor Xa data set discussed earlier.
Therefore, we propose that the threshold should not be
chosen too strictly, because otherwise single mispredic-
tions would have a large impact on the performance.
Our experiments indicate that approximately at least
100 compounds should be retained in the domain
according to the chosen threshold in order to get per-
formance estimates that are not dominated by a few
especially bad predictions. This is also because the BED-
ROC metric is not robust on data sets of such a small
size, because it is designed such that the top ranked
(dependent on the choice of o) compounds contribute
to 80% of the score. Thus, if only the innermost 100
compounds of the AD are considered, 80% of the BED-
ROC score for a = 100.0 is based on the first two com-
pounds. Therefore, the BEDROC score for high values
of a should not be interpreted too precisely for the
more restrictive AD thresholds. However, this effect
does not affect the reported statistical significance
because the latter considers the increased probability of
obtaining a high BEDROC score on a smaller data set.

Another problem that could arise from a too strict
threshold can be seen in the PDGFRP screening using
the Marginalized Graph kernel. In the innermost
domain, no ligands at all are retained and thus, despite
its good performance in less stringent domains, the
model is unable to enrich any ligands.

On the other hand, it is obvious that the threshold
should not be chosen too loose, in order to remove the
clear applicability domain outliers successfully from the
prediction.

Finally, the experimental results indicate that in most
cases (at least in all of the experiments conducted) the
reliability of the virtual screening is improved in the top
half and the top third of the screening set according to
any of the applicability domain formulations, compared
to an evaluation of the whole data set. Thus, instead of
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Table 7 Ranges of the applicability score for the different combinations of ADE formulation, kernel and experiment

ADE Kernel Target Training Set Screening Set
Min Max Avg. Min Max Avg.
KDE OAK Thrombin 0.70 087 082 + 004 0.51 0.77 064 + 008
Factor Xa 0.59 0.75 0.71 £ 0.02 047 0.72 0.60 = 0.08
PDGFRB 081 0.88 0.85 + 0.02 0.54 0.70 0.62 + 0.05
FlexOAK Thrombin 0.69 0.86 081 + 0.04 0.54 0.79 0.66 + 0.08
Factor Xa 0.60 0.74 0.70 + 0.02 053 0.69 061 + 0.05
PDGFRB 0.80 0.88 0.85 + 0.02 0.54 0.68 061 + 004
MARG Thrombin 0.81 0.95 092 + 003 0.57 091 0.74 = 0.11
Factor Xa 0.74 0.94 091 + 0.02 052 0.88 0.70 + 0.1
PDGFRB 092 0.96 0.95 + 0.01 0.74 091 0.82 + 0.05
wKDE OAK Thrombin 0.70 0.87 082 + 0.04 051 0.79 0.65 + 0.09
Factor Xa 0.59 0.76 0.71 + 0.02 047 0.71 0.59 + 0.07
PDGFRB 081 0.88 0.85 + 0.02 0.54 0.70 0.62 + 0.05
FlexOAK Thrombin 0.69 087 082 + 004 0.54 0.79 0.66 + 0.08
Factor Xa 0.60 0.74 0.71 £ 0.02 0.53 0.70 062 £ 005
PDGFRB 0.80 0.89 0.85 + 0.02 0.54 0.68 061 + 004
MARG Thrombin 0.80 0.96 093 + 0.04 0.56 093 0.75 £ 0.12
Factor Xa 0.74 0.94 091 + 0.02 0.52 0.87 0.69 + 0.11
PDGFRB 091 097 0.95 + 0.01 0.72 091 0.82 £ 0.06
One-Class OAK Thrombin -6.52 161 -0.33 = 1.51 -15.70 -0.79 -8.25 + 465
Factor Xa -22.21 498 -0.90 + 341 -55.36 -3.94 -29.65 £ 1601
PDGFRB -1.14 092 0.0 =043 -17.08 -6.63 -11.86 £ 3.24
FlexOAK Thrombin -5.62 135 -0.37 + 207 -16.87 -242 -9.65 + 450
Factor Xa -20.2.0 352 -0.96 + 2.96 -38.80 -3.68 -21.24 +£ 1094
PDGFRB -141 061 -0.12 £ 047 -17.01 -846 -12.74 £ 266
MARG Thrombin -5.22 1.04 -0.35 = 1.21 -20.82 -0.03 -1042 £ 645
Factor Xa -26.29 2.85 -0.77 + 339 -27.55 0.00 -13.78 £ 855
PDGFRB -1 0.50 -0.01 + 031 -9.56 -1.37 -547 + 254

defining a default threshold for the AD estimation, the
consideration of the lower half of the respective domain
as the probable outlier set should be a good rule-of-
thumb in most applications. An additional positive effect
is that on the respective applicability level, a large pro-
portion of the ligands are usually retained in the domain
and the screening reliability is improved. However, the
removal of some of the ligands from the screening set
due to their low applicability score should not be con-
sidered as a drawback of the applicability domain esti-
mation and consideration because these molecules can
be expected to be badly predicted otherwise and thus to
be neglected because of their low rank regardless.

4.7 Comparison of the screening performance inside and
outside of the AD

As discussed earlier the performance of a model in the
innermost applicability domain is often not very reliable
because, due to the small number of compounds
remaining, the influence of single bad predictions is very
high. This error can be regarded mostly as the second
type of error introduced at the beginning of the results

section because a compound has to be very similar to
the training samples to be retained in the innermost
AD, but obviously has a structure-activity relationship
not covered by the model. Thus, to compare the perfor-
mance gain of restricting the prediction to the mole-
cules, which are regarded as part of the models
applicability domain, the threshold should not be chosen
too tightly. The comparison of different thresholds
showed that in most cases, as discussed in the last sec-
tion, the performance gain is most robust if half or at
least a third of the test samples are retained in the
domain. The validity of this choice can be confirmed by
comparing the model performance on the molecule sets
inside and outside the respective domain. Figures 7, 8
and 9 show the ROC curves inside (blue) and outside
(green) for the different screening experiments, kernels,
and AD formulations. In all cases, except the top right
parts of the OAK and FlexOAK screenings of Factor Xa,
the ROC curve inside the domain is better than outside.
Thus, even in scenarios in which a model does not give
convincing results, as is the case for the FlexOAK and
the Marginalized Graph kernel on the PDGFRp data set,
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the consideration of the applicability score increases the
reliability of the virtual screening.

At this point it should be mentioned that the last case,
the Marginalized Graph kernel screen for PDGFRf
ligands, seems to give an inverted ranking, and thus the
model does not behave randomly as one would expect
for a bad model, and the ROC plot indicates that the

performance gets closer to random performance using
the 50% threshold. However, the applicability estimation
can only consider the fact that for some compounds the
model cannot be expected to distinguish ligands from
decoys reliably, and not that the ranking outside the
domain is truly random. It this case, the model has
regarded some decoys as highly active and some ligands



Fechner et al. Journal of Cheminformatics 2010, 2:2
http://www.jcheminf.com/content/2/1/2

as inactive, leading to an inverted ranking. Thus, the
random performance of the model inside the domain
must be considered as an improvement compared to the
inverted ranking outside.

The presented comparisons also indicate that the
elimination of some of the active compounds from the
screening set should not be regarded as a drawback
because the bad rankings obtained on the subset outside
the domain can only be the result of these ligands being
given low rankings. If only decoys were omitted no sen-
sible ROC curve would have been possible, thus at least
some of the ligands must also have been filtered out.
Moreover, the ROC curves for the screening of the out-
side of the applicability domain show that the ranking is
at most random. Thus, the ligands outside this 50%
domain are in general not predicted to be more active
than the decoys and consequently would not have been
identified by the model without considering the applic-
ability domain.

Finally, it is important to note that the 50% rule-of-
thumb may not always be the best choice. There may be
cases in which only the top 10% are predicted reliably,
and other cases in which a model is applicable for all
compounds. Nevertheless, the experiments show that
in general the performance of a model is more reliable
in the upper half of the applicability score range than in
the lower half, and that this behavior is independent of
the real performance of the model.

5 Conclusion

The results indicate that the reliability of a virtual
screening using structured kernel-based QSAR models
can be improved by the identification and removal of
compounds that lie outside the applicability domains of
the models. To estimate the domain of applicability of a
model three formulations were introduced, which can
describe the applicability domain of a kernel-based
model using only the molecule representation implicitly
contained in the kernel.

All formulations were evaluated using three different
structured kernels from the literature on three VS
experiments. The data sets have been composed from
QSAR data sets from the literature for the training of
the models and the DUD data sets for virtual screening
for the respective targets. Care has been taken that the
training and test data sets were completely disjoint.

The conducted experiments show that in general, the
performance of the model is considerably better inside
the domain than outside, and that this performance gain
is not caused by chance due to the changed ligand/
decoy ratio. Two of the three AD formulations (Kernel
Density Estimation and weighted KDE) can be applied
without imposing any computing time overhead because
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the respective applicability scores can be calculated
simultaneously with the prediction using the same itera-
tion. This simultaneous calculation is a big advantage
compared to other approaches, which assess prediction
reliability and usually need additional iterations.

Unfortunately, the applicability scores computed by
the different formulations cannot be directly compared
on different experiments, and thus it is not possible to
present robust default thresholds to decide whether a
compound should be regarded as part of the models
domain or not. Despite this lack of a default parameteri-
zation, the experiments indicate that omitting the half
of the compounds with the lowest applicability score,
regardless of which AD formulation and kernel is cho-
sen, improves the reliability of a model considerably and
retains a large proportion of the ligands.

An open question, not considered in this work, is
whether the AD estimation and the respective partition-
ing of the screening set influence the chemotype enrich-
ment. This question is interesting and important, but
lies outside the scope of this work and will be the sub-
ject of further studies.

Additional file 1: List of atom and bond descriptors used by the
structured kernels. A complete enumeration of the atom and bond
descriptors including their respective references (if applicable) is given in
the file.

Click here for file

[ http://www.biomedcentral.com/content/supplementary/1758-2946-2-2-
S1PDF]

Additional file 2: Effect of the AD on the VS performance of all
combinations of AD, Kernel and Target. All figures for the AD
evaluation of the different experiments are presented in the file. The
values for the threshold retaining less than 50 compounds in the
respective AD are omitted.

Click here for file

[ http//www.biomedcentral.com/content/supplementary/1758-2946-2-2-
S2.PDF]

Acknowledgements

The authors would like to thank Claude Ostermann, Andrea Zaliani and Olaf
Niemz from Nycomed GmbH for fruitful discussions. This work has been
partially funded by the Nycomed GmbH, Konstanz, Germany.

Authors’ contributions

NF developed the weighted Kernel Density ADE formulation and
implemented all of the presented ADE algorithms. He also wrote most of
the text of the article and conducted all experiments. AJ implemented the
library for the VS performance measures (AUROC, BEDROC), took part in the
experimental design and wrote some sections of the article. GH took part in
the experimental design and theoretical development of the presented
approaches. AZ helped in the article preparation and proof reading. All
authors contributed to the discussing of the results and helped improving
the evaluations and conclusions.

Competing interests
The authors declare that they have no competing interests.

Received: 15 December 2009 Accepted: 11 March 2010
Published: 11 March 2010



Fechner et al. Journal of Cheminformatics 2010, 2:2
http://www.jcheminf.com/content/2/1/2

References

1.

2.

20.

21.

22.

23.

24

Bajorath J: Integration of virtual and high-throughput screening. Nat Rev
Drug Discov 2002, 1(11):882-8%4.

Varnek A, Tropsha A, eds: Chemoinformatics Approaches to Virtual
Screening. Cambridge, Uk: The Royal Society of Chemistry 2008.

Bissantz C, Folkers G, Rognan D: Protein-based virtual screening of
chemical databases. 1. Evaluation of different docking/scoring
combinations. J Med Chem 2000, 43(25):4759-4767.

Cavasotto C, Orry W, Andrew J: Ligand docking and structure-based
virtual screening in drug discovery. Curr Top Med Chem 2007,
7(10):1006-1014.

Kitchen D, Decornez H, Furr J, Bajorath J: Docking and scoring in virtual
screening for drug discovery: methods and applications. Nat Rev Drug
Discovery 2004, 3(11):935-949.

Korb O, Stitzle T, Exner T: Empirical Scoring Functions for Advanced
Protein- Ligand Docking with PLANTS. J Chem Inf Model 2009, 49(1):84-96.
Kuntz |, Blaney J, Qatley S, Langridge R, Ferrin T: A geometric approach to
macromolecule-ligand interactions. J Mol Biol 1982, 161(2):269-288.
Shoichet B, Kuntz I, Bodian D: Molecular docking using shape descriptors.
J Comput Chem 1992, 13(3):380-397.

Hert J, Willett P, Wilton D, Acklin P, Azzaoui K, Jacoby E, Schuffenhauer A:
Comparison of fingerprint-based methods for virtual screening using
multiple bioactive reference structures. J Chem Inf Comput Sci 2004,
44(3):1177-1185.

Jahn A, Hinselmann G, Fechner N, Zell A: Optimal assignment methods
for ligand-based virtual screening. J Cheminf 2009, 1:14.

Proschak E, Rupp M, Derksen S, Schneider G: Shapelets: possibilities and
limitations of shape-based virtual screening. J Comput Chem 2008,
29:108-14.

Willett P: Similarity-based virtual screening using 2D fingerprints. Drug
Discov Today 2006, 11(23-24):1046-1053.

Good A, Hermsmeier M, Hindle S: Measuring CAMD technique
performance: a virtual screening case study in the design of validation
experiments. J Comput Aided Mol Des 2004, 18(7):529-536.

Hsieh J, Wang X, Teotico D, Golbraikh A, Tropsha A: Differentiation of
AmpC beta-lactamase binders vs. decoys using classification k NN QSAR
modeling and application of the QSAR classifier to virtual screening. J
Comput Aided Mol Des 2008, 22(9):593-609.

Ma X, Jia J, Zhu F, Xue Y, Li Z, Chen Y: Comparative Analysis of Machine
Learning Methods in Ligand-Based Virtual Screening of Large
Compound Libraries. Comb Chem High Throughput Screening 2009,
12(4):344-357.

Plewczynski D, Spieser S, Koch U: Performance of Machine Learning
Methods for Ligand-Based Virtual Screening. Comb Chem High
Throughput Screening 2009, 12(4):358-368.

Melville J, Burke E, Hirst J: Machine Learning in Virtual Screening. Comb
Chem High Throughput Screening 2009, 12(4):332-343.

Sheridan R, Feuston B, Maiorov V, Kearsley S: Similarity to molecules in the
training set is a good discriminator for prediction accuracy in QSAR. J
Chem Inf Comput Sci 2004, 44(6):1912-1928.

Dimitrov S, Dimitrova G, Pavlov T, Dimitrova N, Patlewicz G, Niemela J,
Mekenyan O: A stepwise approach for defining the applicability domain
of SAR and QSAR models. J Chem Inf Model 2005, 45:839-849.

Netzeva T, Worth A, Aldenberg T, Benigni R: Methods for defining the
applicability domain of (quantitative) structure-activity relationships.
ATLA Altern Lab Anim 2005, 2:1-19.

Horvath D, Marcou G, Varnek A: Predicting the Predictability: A Unified
Approach to the Applicability Domain Problem of QSAR Models. J Chem
Inf Model 2009, 49(7):1762-1776.

Nikolova-Jeliazkova N, Jaworska J: An approach to determining
applicability domains for QSAR group contribution models: an analysis
of SRC KOWWIN. ATLA Altern Lab Anim 2005, 33:461-470.

Toropov AA, Benfenati E: Additive SMILES-based optimal descriptors in
QSAR modelling bee toxicity: Using rare SMILES attributes to define the
applicability domain. Bioorg Med Chem 2008, 16:4801-4809.

Schultz TW, Hewitt M, Netzeva T, Cronin MTD: Assessing Applicability
Domains of Toxicological QSARs: Definition, Confidence in Predicted
Values, and the Role of Mechanisms of Action. QSAR Comb Sci 2007,
26:238-254.

25.

26.

27.

28.

29.

30.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45.

46.

Page 19 of 20

Williams CKI, Rasmussen CE: Gaussian processes for regression. Advances
of Neural Information Processing Systems 8 MIT Press, Cambridge,
MATouretzky DS, Mozer MC, Hasselmo ME .

Schroeter T, Schwaighofer A, Mika S, Ter Laak A, Suelzle D, Ganzer U,
Heinrich N, Muller K: Machine learning models for lipophilicity and their
domain of applicability. Mol Pharmaceutics 2007, 4(4):524-538.

Schroeter T, Schwaighofer A, Mika S, Ter Laak A, Suelzle D, Ganzer U,
Heinrich N, Mdller K: Estimating the domain of applicability for machine
learning QSAR models: a study on aqueous solubility of drug discovery
molecules. J Comput Aided Mol Des 2007, 21(12):651-664.

Schwaighofer A, Schroeter T, Mika S, Laub J, Ter Laak A, Sulzle D, Ganzer U,
Heinrich N, Muller K: Accurate solubility prediction with error bars for
electrolytes: A machine learning approach. J Chem Inf Model 2007,
47(2):407-424.

Schroeter T, Rupp M, Hansen K, Mdller K-R, Schneider G: Virtual screening
for PPAR-gamma ligands using the ISOAK molecular graph kernel and
gaussian processes. Chem Cent J 2009, 3:P15.

Frohlich H, Wegner JK, Sieker F, Zell A: Optimal assignment kernels for
attributed molecular graphs. Proc 22nd Int Conf Mach Learn ACM 2005,
225-232.

Mahé P, Ueda N, Akutsu T, Perret J-L, Vert J-P: Graph kernels for molecular
structure-activity relationship analysis with support vector machines. J
Chem Inf Model 2005, 45:939-951.

Ralaivola L, Swamidass SJ, Saigo H, Baldi P: Graph kernels for chemical
informatics. Neural Netw 2005, 18:1093-1110.

Rupp M, Proschak E, Schneider G: Kernel Approach to Molecular Similarity
Based on lterative Graph Similarity. J Chem Inf Model 2007, 47:2280-2286.
Swamidass SJ, Chen J, Bruand J, Phung P, Ralaivola L, Baldi P: Kernels for
small molecules and the prediction of mutagenicity, toxicity and anti-
cancer activity. Bioinformatics (Oxf) 2005, 21(Suppl 1):i359-368.

Mahé P, Ralaivola L, Stoven V, Vert J-P: The pharmacophore kernel for
virtual screening with support vector machines. J Chem Inf Model 2006,
46:2003-2014.

Azencott C-A, Ksikes A, Swamidass SJ, Chen J, Ralaivola L, Baldi P: One- to
four-dimensional kernels for virtual screening and the prediction of
physical, chemical, and biological properties. J Chem Inf Model 2007,
47:965-974.

Boser BE, Guyon IM, Vapnik VN: A training algorithm for optimal margin
classifiers. Proc 5th Ann Works Comput Learn Theo 1992, 144-152.
Scholkopf B, Smola AJ, Williamson RC, Bartlett PL: New Support Vector
Algorithms. Neural Comput 2000, 12:1207-1245.

Huang N, Shoichet BK, Irwin JJ: Benchmarking sets for molecular docking.
J Med Chem 2006, 49(23):6789-6801.

Jahn A, Hinselmann G, Fechner N, Zell A: DUD Subset for Ligand-Based
Virtual Screening (DUD LIB VS 1.0). [http://dud.docking.org/jahn/Readme.
pdf].

Bohm M, Stirzebecher J, Klebe G: Three-Dimensional Quantitative
Structure- Activity Relationship Analyses Using Comparative Molecular
Field Analysis and Comparative Molecular Similarity Indices Analysis To
Elucidate Selectivity Differences of Inhibitors Binding to Trypsin,
Thrombin, and Factor Xa. J Med Chem 1999, 42(3):458-477.

Fontaine F, Pastor M, Zamora |, Sanz F: Anchor- GRIND: Filling the Gap
between Standard 3D QSAR and the GRid-INdependent Descriptors. J
Med Chem 2005, 48(7):2687-2694.

Guha R, Jurs PC: Development of linear, ensemble, and nonlinear models
for the prediction and interpretation of the biological activity of a set of
PDGFR inhibitors. J Chem Inf Comput Sci 2004, 44(6):2179-2189.

Pandey A, Volkots D, Seroogy J, Rose J, Yu J, Lambing J, Hutchaleelaha A,
Hollenbach S, Abe K, Giese N: Identification of orally active, potent, and
selective 4-piperazinylquinazolines as antagonists of the platelet-derived
growth factor receptor tyrosine kinase family. J Med Chem 2002,
45(17):3772-3793.

Sutherland JJ, O'Brien LA, Weaver DF: A comparison of methods for
modeling quantitative structure-activity relationships. J Med Chem 2004,
47(22):5541-5554.

Frohlich H, Wegner JK, Sieker F, Zell A: Kernel Functions for Attributed
Molecular Graphs - A New Similarity-Based Approach to ADME
Prediction in Classification and Regression. QSAR Comb Sci 2006,
25:317-326.


http://www.ncbi.nlm.nih.gov/pubmed/12415248?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/11123984?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/11123984?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/11123984?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17508934?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17508934?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/19125657?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/19125657?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/7154081?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/7154081?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15154787?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15154787?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17516427?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17516427?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17129822?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15729852?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15729852?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15729852?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18338225?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18338225?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18338225?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15554660?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15554660?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16045276?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16045276?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/19530661?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/19530661?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18395455?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18395455?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18395455?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18060505?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18060505?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18060505?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17243756?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17243756?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16045288?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16045288?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16157471?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16157471?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17985866?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17985866?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16995731?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16995731?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17338509?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17338509?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17338509?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/10905814?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/10905814?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17154509?dopt=Abstract
http://dud.docking.org/jahn/Readme.pdf
http://dud.docking.org/jahn/Readme.pdf
http://www.ncbi.nlm.nih.gov/pubmed/9986717?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/9986717?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/9986717?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/9986717?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/9986717?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15801859?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15801859?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15554688?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15554688?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15554688?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/12166950?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/12166950?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/12166950?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15481990?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15481990?dopt=Abstract

Fechner et al. Journal of Cheminformatics 2010, 2:2
http://www.jcheminf.com/content/2/1/2

47. Fechner N, Jahn A, Hinselmann G, Zell A: Atomic local neighborhood
flexibility incorporation into a structured similarity measure for QSAR. J
Chem Inf Model 2009, 49(3):549-560.

48, Kashima H, Tsuda K, Inokuchi A: Marginalized kernels between labeled
graphs. Proc 20th Int Conf Mach Learn 2003, 20:321-328.

49. Triballeau N, Acher F, Brabet |, Pin J, Bertrand H: Virtual screening
workflow development guided by the “receiver operating characteristic”
curve approach. Application to high-throughput docking on
metabotropic glutamate receptor subtype 4. J Med Chem 2005,
48(7):2534-2547.

50. Truchon J, Bayly C: Evaluating virtual screening methods: good and bad
metrics for the” early recognition” problem. J Chem Inf Model 2007,
47(2):488-508.

51. Schélkopf B, Smola AJ: Learning with kernels. Cambridge, MA, USA: MIT
Press 2001.

52.  Gasteiger J, Marsili M: A new model for calculating atomic charges in
molecules. Tetrahedron Lett 1978, 19(34):3181-3184.

53. Walters W, Yalkowsky S: ESCHER - A Computer Program for the
Determination of External Rotational Symmetry Numbers from
Molecular Topology. J Chem Inf Comput Sci 1996, 36(5):1015-1017.

54.  JOELib/JOELib2. [http://sourceforge.net/projects/joelib/].

55. Vert J, ParisTech M: The optimal assignment kernel is not positive
definite. Arxiv preprint arXiv.08014061 2008.

56. Optimal Assignment Kernel. [http://www.ra.cs.uni-tuebingen.de/software/
OAKernels/welcome_e.html].

57.  Quifonero-Candela J, Rasmussen C: A unifying view of sparse
approximate Gaussian process regression. JVLR 2005, 6:1939-1959.

58.  Schélkopf B, Platt JC, Shawe-Taylor J, Smola AJ, Williamson RC: Estimating
the support of a high-dimensional distribution. Neural Comput 2001,
13:1443-1471.

59. Chang C-C, Lin C-J: LIBSVM: a library for support vector machines. 2001
[http//www.csie.ntu.edu.tw/~cjlin/libsvm/].

60. Cheeseright T, Mackey M, Melville J, Vinter J: FieldScreen: Virtual Screening
Using Molecular Fields. Application to the DUD Data Set. J Chem Inf
Model 2008, 48(11):2108-2117.

61. Good A, Oprea T: Optimization of CAMD techniques 3. Virtual screening
enrichment studies: a help or hindrance in tool selection? J Comput
Aided Mol Des 2008, 22(3):169-178.

62. Dalby A, Nourse J, Hounshell W, Gushurst A, Grier D, Leland B, Laufer J:
Description of several chemical structure file formats used by computer
programs developed at Molecular Design Limited. J Chem Inf Comput Sci
1992, 32(3):244-255.

63. Datasets used for the Evaluation of the Applicability Domain. [http://
www.ra.cs.uni-tuebingen.de/datasets/ade/ade. html].

64. DUD - A Directory of Useful Decoys. [http://dud.docking.org/].

65. Johnson M, Maggiora G: Concepts and applications of molecular
similarity. Wiley New York 1990.

66. Guha R, Van Drie JH: Structure-activity landscape index: identifying and
quantifying activity cliffs. J Chem Inf Model 2008, 48(3):646-658.

67. Peltason L, Bajorath J: SAR Index: Quantifying the Nature of Structure-
Activity Relationships. J/ Med Chem 2007, 50(23):5571-5578.

68. Peltason L, Bajorath J: Molecular similarity analysis uncovers
heterogeneous structure-activity relationships and variable activity
landscapes. Chem Biol 2007, 14(5):489-497.

doi:10.1186/1758-2946-2-2

Cite this article as: Fechner et al: Estimation of the applicability domain
of kernel-based machine learning models for virtual screening. Journal
of Cheminformatics 2010 2:2.

Page 20 of 20

Publish with ChemistryCentral and every
scientist can read your work free of charge

“Open access provides opportunities to our
colleagues in other parts of the globe, by allowing
anyone to view the content free of charge.”

W. Jeffery Hurst, The Hershey Company.

e available free of charge to the entire scientific community

e peer reviewed and published immediately upon acceptance
e cited in PubMed and archived on PubMed Central

e yours — you keep the copyright

Submit your manuscript here:
http://www.chemistrycentral.com/manuscript/

ChemistryCentral



http://www.ncbi.nlm.nih.gov/pubmed/19434895?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/19434895?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15801843?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15801843?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15801843?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15801843?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17288412?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17288412?dopt=Abstract
http://sourceforge.net/projects/joelib/
http://www.ra.cs.uni-tuebingen.de/software/OAKernels/welcome_e.html
http://www.ra.cs.uni-tuebingen.de/software/OAKernels/welcome_e.html
http://www.ncbi.nlm.nih.gov/pubmed/11440593?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/11440593?dopt=Abstract
http://www.csie.ntu.edu.tw/~cjlin/libsvm/
http://www.ncbi.nlm.nih.gov/pubmed/18991371?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18991371?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18188508?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18188508?dopt=Abstract
http://www.ra.cs.uni-tuebingen.de/datasets/ade/ade.html
http://www.ra.cs.uni-tuebingen.de/datasets/ade/ade.html
http://dud.docking.org/
http://www.ncbi.nlm.nih.gov/pubmed/18303878?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18303878?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17902636?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17902636?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17524980?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17524980?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17524980?dopt=Abstract

	Abstract
	Background
	Results
	Conclusion

	1 Background
	2 Methods
	2.1 Metrics for Virtual Screening Evaluation
	2.2 Kernel-based Machine Learning
	2.3 Structured Kernels for Molecules
	2.4 Applicability Domain Estimation for Kernel Machines
	2.4.1 Kernel Density Estimation
	2.4.2 Weighted Kernel Density Estimation
	2.4.3 One Class SVM


	3 Experimental
	3.1 Data Sets
	3.2 QSAR learning and virtual screening

	4 Results and Discussion
	4.1 Effect on the prediction time
	4. 2 Thrombin
	4.3 Factor Xa
	4.4 Platelet Derived Growth Factor Receptor &beta;
	4.5 Significance Test
	4.6 Choice of the threshold
	4.7 Comparison of the screening performance inside and outside of the AD

	5 Conclusion
	Acknowledgements
	Authors' contributions
	Competing interests
	References

