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Abstract: In this review, we highlight recent applications of machine learning to virtual screening, focusing on the use of 
supervised techniques to train statistical learning algorithms to prioritize databases of molecules as active against a par-
ticular protein target. Both ligand-based similarity searching and structure-based docking have benefited from machine 
learning algorithms, including naïve Bayesian classifiers, support vector machines, neural networks, and decision trees, as 
well as more traditional regression techniques. Effective application of these methodologies requires an appreciation of 
data preparation, validation, optimization, and search methodologies, and we also survey developments in these areas. 
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INTRODUCTION 

 Machine learning is a branch of artificial intelligence. A 
common task is the assignment of objects (also called obser-
vations or instances) into classes. In chemoinformatics [1], 
the objects are usually molecules, and the classes are cate-
gorical and often dichotomous. For example, machine learn-
ing is widely used to classify molecules as inactive or active 
against a particular target. However, classification is not re-
stricted to binary choices; the classification may also be nu-
merical, e.g. predicting IC50 values. The statistical term “re-
gression” is used to describe those learning problems. For 
either classification or regression, the usual machine learning 
presents an algorithm with examples of molecules that are 
already known to be active or inactive. This process is called 
“training” the algorithm. Learning problems that require the 
data to be pre-assigned to a fixed number of classes are 
called “supervised”. Alternatively, there may be situations 
when no pre-assignment of the classes is possible or desired. 
An example is selecting a small number of molecules from a 
larger database, while attempting to retain the overall proper-
ties of the entire set. Each chosen molecule can be thought of 
as a representative of a number of other molecules in the 
larger set. The ability to partition a dataset in this way im-
plies the existence of different classes of molecule, although 
the number of classes is unlikely to be known a priori, and 
the physical meaning of the classes is unlikely to be as obvi-
ous as the activity. Such learning tasks are known as “unsu-
pervised”. 

 In this review we will examine the application of ma-
chine learning to virtual screening (VS). Virtual screening is 
the evaluation of a molecular property (such as activity) in 
silico, the computational analogue of high throughput  
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screening (HTS). In virtual screening a binary active/inactive 
classification is a more useful starting point than regression 
methods. HTS assays are rarely accurate enough to provide 
real-valued affinity data (although this is beginning to 
change [2]), and collating large datasets therefore necessi-
tates mixing data from different labs, perhaps obtained under 
different experimental conditions; this may introduce errors 
which can rarely be controlled or accounted for. However, 
for VS to be a useful tool in the service of prospective drug 
discovery, one normally wishes to prioritize molecules, and 
only suggest a small subset of the database for experimental 
screening. Therefore, it is also desirable to provide a numeri-
cal value for each molecule in a database that can be used for 
ranking. Such numerical values can be trivially converted to 
classifications by applying a threshold. This adds fuzziness 
to the basic classification problem and algorithms that cannot 
provide such a ranking may not be suitable for some VS 
purposes. However, when screening for pharmacokinetic 
properties or potential toxicity, a binary classification can be 
helpful. 

 A broad definition of machine learning and virtual 
screening would encompass nearly all aspects of chemoin-
formatics. Therefore, in this review we concentrate on su-
pervised learning, which naturally lends itself to the funda-
mental task of drug discovery, the partitioning of molecules 
into active and inactive categories. The vast majority of these 
applications use the statistical machine learning paradigm, so 
we focus exclusively on these applications. However, alter-
native approaches exist, most notably inductive logic pro-
gramming, applied by the groups of King [3-6] and Stern-
berg [7]. Additionally, we bias our survey towards recent 
and novel developments which have been applied to priori-
tizing large datasets, to mirror closely the practices of HTS, 
although we mention studies on smaller datasets where the 
extension to HTS-scale data is obvious. Our survey consid-
ers each major algorithm in turn and in each section, we will 
describe relevant applications in both ligand-based and struc-
ture-based contexts. Optimization is an important part of 
many virtual screening techniques, especially if they employ 
machine learning; we therefore also review new develop-
ments in this field. We shall briefly describe each algorithm, 
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but direct the reader to the relevant references in the text for 
full details. Good overviews of machine learning as a whole 
can be found in books by Mitchell [8], Hastie et al. [9] and 
Witten and Frank [10]. 

LINEAR METHODS 

 Probably the most familiar machine learning method in 
chemoinformatics is multiple linear regression (MLR), 
which has been used widely in quantitative structure-activity 
relationships (QSAR) [11]. 3D QSAR techniques, such as 
CoMFA [12], make use of a large number of descriptors, and 
this has driven the adoption of partial least squares (PLS) 
[13], which can be thought of as the application of MLR to 
mutually orthogonal linear combinations of the original de-
scriptor set. Despite the long history of QSAR, the suitability 
of linear methods such as PLS for large scale VS is uncer-
tain. Usually, QSAR is used as a lead optimization tools, and 
normally use substantially less than 100 molecules. A dearth 
of publicly available data has also hampered development. 
However, recently, Gedeck and co-workers at Novartis car-
ried out a large-scale evaluation on 944 corporate datasets 
with IC50 data using PLS in conjunction with a variety of 2D 
and 3D descriptors [14]. The predictivity of the linear mod-
els was modest. Even the best performing descriptors (frag-
ment counts) predicted more than 50% of the variance in the 
test set in no more than 30% of the datasets. Additionally, to 
get these results, at least 50% of the molecules in each 
dataset (on average 600 molecules, although there were some 
datasets with 1000s of molecules) were used to train the PLS 
model. Therefore, even modest predictivity of IC50 values 
requires substantial amounts of quantitative biological data, 
which makes such approaches inappropriate in many virtual 
screening scenarios. Nonetheless, Evers and co-workers at 
Aventis demonstrated [15] that, when searching for biogenic 
amine-binding G-protein coupled receptors (GPCR) ligands 
from the MDL drug data report (MDDR), PLS regression 
and the classification version of PLS, PLS-discriminative 
analysis (PLS-DA), using 2D topological and physicochemi-
cal descriptors, were superior to docking into homology 
models with GOLD, although the PLS models did require 
training on several hundred actives, taken from the Aureus 
database (www.aureus-pharma.com). 

 An important prerequisite for the use of many 3D QSAR 
approaches has been the generation of a meaningful align-
ment of the molecules in the dataset. Where a suitable pro-
tein structure is available, docking has been used to generate 
this alignment [16]. However, beyond providing an align-
ment, the protein structure was not used for any other part of 
the QSAR derivation. An obvious extension is to use the 
protein structural information directly in the learning algo-
rithm, at which point, the boundaries between 3D QSAR and 
docking begin to dissolve, where scoring functions can be 
thought of as structure-based QSAR making use of both pro-
tein and ligand-based descriptors. The combination of differ-
ent scoring functions, called data fusion [17] or consensus 
scoring [18], is an extension of this principle. The majority 
of data fusion applications involves weighted voting and 
combining ranks. These techniques are sufficiently straight-
forward that we do not consider them to be machine learn-
ing. Linear models of regression and classification have been 
used to combine scoring functions, although normally they 
are included only for comparative purposes (usually unfa-

vorably) with non-linear methods. One exception is the study 
of Catana and Stouten [19], who use a multi-way extension 
to PLS, N-PLS [20, 21], to create new scoring functions. 

 An excellent example of a hybrid of a QSAR and scor-
ing-function is the adaptation of fields for molecular com-
parison (AFMoC) method [22], which replaces the receptor-
agnostic fields of 3D QSAR techniques such as CoMFA and 
CoMSIA with fields derived from the structure of the pro-
tein, using the DrugScore scoring function. Both the original 
authors [22-24] and others [25] have used the AFMoC to 
produce tailored scoring functions. 

 Docking, despite being preferable to experimental 
evaluation of a large database, can still consume substantial 
computational resources, which may preclude its use in some 
screening situations. Assuming that one believes that dock-
ing produces valid results, docking scores are now valid tar-
gets for other machine learning techniques, as long as they 
are faster to train and to predict than the docking method. 
Cherkasov and co-workers described a method they call 
“progressive docking” [26], which hybridizes QSAR and 
docking in this fashion. A subset of the database is docked to 
a target in the usual fashion, and then a QSAR is built to 
predict the docking scores, using 2D descriptors. The result-
ing model can then be used to predict the scores of the re-
maining compounds. Low scoring compounds are removed 
from consideration, and potentially good candidates docked. 
The process can then be repeated with the new data. The 
authors demonstrated the technique’s efficacy by docking 
90,000 molecules to human sex hormone-binding globulin 
(SHBG) with the program Glide [27], in batches of 10,000, 
and the results used to build a QSAR model using the “in-
ductive” descriptors developed by the Cherkasov group [28]. 
The 20% of compounds with the poorest predicted docking 
score were removed from consideration, before the process 
was iterated. Docking times could be reduced by several 
hundred hours, a time saving of 40%, while four structures 
from the top 16 non-steroidal ligands identified by the 
method were found to be SHBG binders with low micromo-
lar affinities. 

 A more indirect use of machine learning in docking was 
provided by Jacobsson and Karlén [29], who used PLS to 
correct the well-known size bias of many scoring functions 
[30, 31]. Because scoring functions often involve summing 
pairwise contributions between atoms of the ligand and pro-
tein, larger molecules will tend to have better docking 
scores, simply by virtue of having more atoms. To account 
for this, Vigers and Rizzi [32] suggested docking molecules 
across several different protein targets, against the majority 
of which the ligand is assumed to be inactive. The mean of 
these scores, the multiple active site correction (MASC) rep-
resents a baseline value that should be subtracted from all 
future scores against other targets for that ligand and scoring 
function. Jacobsson and Karlén demonstrated that the MASC 
could be well approximated by a simple PLS model using 
only simple molecular descriptor data such as molecular 
weight (MW) and ClogP. Across eight targets, using Glide 
and most of the currently popular scoring functions, the PLS-
MASC could improve enrichments of known actives from a 
decoy database of 10,000 molecules. 

 Vieth and Cummins presented a method that uses ma-
chine learning and docking to elucidate the docking mode 
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that is consistent with a structure-activity relationship 
(DoMCoSAR) [33]. Repeated dockings of a dataset are car-
ried out and the multiple results clustered to generate candi-
date binding modes. The molecules in each pose are then 
characterized by four simple descriptors: the van der Waals 
and electrostatic interaction energies, the internal strain of 
the molecule, and the exposed surface area. PLS is used to 
generate a QSAR for each mode, and the best model is as-
sumed to be the bioactive binding mode. The authors re-
ported success for two small datasets, although they point 
out that the technique may only be applicable to congeneric 
series of molecules. 

 Although not strictly a linear classification technique, 
simple nonlinear methods such as logistic regression have 
found some limited success in VS, although the more sophis-
ticated nonlinear methods we discuss below are now pre-
ferred. Nonetheless, for four GPCR targets, Feher and co-
workers [34] used consensus scoring to combine several very 
different ligand-based approaches using 2D descriptors, e.g. 
fingerprints and BCUT [35], and 3D pharmacophore models 
using HypoGen [36]. Results showed that the sum rank 
method was superior to any individual scoring function, but 
training a logistic regression method using 1000 molecules 
and 25% of the known actives could improve performance 
further. 

NEAREST NEIGHBORS 

 Conceptually one of the simplest approaches to predict 
the activity of a molecule is to search a database for the 
molecule that is most similar to it. The predicted value is the 
activity of this ‘nearest neighbor’. An obvious extension to 
this scheme is to use more than one neighbor. This method is 
known as ‘k nearest neighbor’ (kNN). In general, k is fixed (a 
value between 1 and 10 is common), or may be chosen via 
cross-validation. Sometimes, k for each molecule is chosen 
based on a distance cutoff, as used by Helma in the toxicity 
prediction system, Lazar [37]. kNN approaches are ‘lazy’: 
training is deferred until a prediction is required. The kNN 
method is an effective method of machine learning, and is 
still popular. In particular, Tropsha and co-workers have 
demonstrated its efficacy over several datasets, including its 
use to identify nine potential anti-convulsants out of a data-
base of 250,000 molecules, seven of which were confirmed 
to be active [38]. The same group also uses kNN as the learn-
ing algorithm in their CoLiBRI [39] and ENTess [40] meth-
ods, which include descriptors representing the receptor as 
well as the ligand. Several attempts have been made to im-
prove on the kNN method. The most common modification 
is to take into account the distance between the molecule to 
be predicted and its neighbors, where the activities of closer 
neighbors are given more weight. Several different func-
tional forms for the weighting equation (normally referred to 
as a ‘kernel’) have been explored. Jensen et al. used a Gaus-
sian weighting function of the Tanimoto distance between 
molecules to predict the activity of 1,000 inhibitors of cyto-
chrome P450 2D6 and 3A4 [41]. Cedeño and Agrafiotis em-
ployed an inverse distance kernel (with an additive correc-
tion to avoid singularities) in a QSAR study [42]. A further 
refinement to such methods is to weight the contribution of 
each descriptor to the distance calculation. Miller described a 
variation on kNN classification, called modified flexible 
metric nearest neighbor (MFMNN) [43], where the descrip-

tor weights are determined by how well each descriptor par-
titions the nearest neighbors of the test instance into homo-
geneous classes. This was more effective than a standard 
kNN when screening the NCI AIDS dataset. In their kScore 
algorithm [44], Oloff and Muegge used an inverse square 
Euclidean distance function to optimize the weighting of 
each descriptor by a conjugate gradient or steepest descent 
method. Using atom pair descriptors for an in-house data-
base of 10,200 compounds assayed against a kinase, kScore 
ranking of 775,000 molecules from an HTS campaign 
yielded an enrichment factor of 35 for the top 1% of the da-
tabase. 

 Weighted averaging is the simplest method of combining 
the data points to make new predictions. An obvious exten-
sion is to build classification and regression models using 
only the neighbors. Such techniques are referred to as ‘lazy 
local’ learning methods, as opposed to ‘global’ methods 
which use the entire dataset. Lazy local methods have been 
applied to chemoinformatics by Kumar et al. [45], Guha et 
al. [46] and Zhang et al. [47]. 

 Additionally, our group has made use of several types of 
weighted nearest neighbor and local regression for QSAR 
[48-50]. However, the application of kernel methods to the 
largest datasets [51-57] has involved binary kernel discrimi-
nation (BKD). These use kernels specifically adapted for 
binary fingerprint data as descriptors. Recently, Willett and 
co-workers have compared BKD to the performance of a 
Gaussian kernel for continuous-valued descriptors using the 
Parzen window approach [58]. Using datasets taken from the 
MDDR, trained on 100 actives and 4,000 inactives, they 
found that application of continuous kernel discrimination 
(CKD) with hologram descriptors (i.e. counts of structural 
features) was superior to physicochemical properties (e.g. 
atom counts, polar surface area, molecular weight, log P etc.) 
and topological descriptors, but this superiority was greatly 
reduced if the dataset consisted of fairly heterogeneous ac-
tives. However, there was little difference in performance 
compared to using BKD. Both the CKD and BKD performed 
comparably to the use of support vector machines (SVM) 
using radial basis function (RBF) kernels (vide infra). 

NAÏVE BAYESIAN CLASSIFICATION 

 Naïve Bayesian classification is one of the simplest clas-
sifiers. Each descriptor value of a test set molecule is consid-
ered in turn. The probability of activity is considered to be 
proportional to the ratio of actives to inactives that share the 
descriptor value. The overall probability of activity is simply 
the product of these probabilities. This approach therefore 
assumes that each descriptor is statistically independent. This 
is clearly not the case for most datasets and descriptor sets 
used in virtual screening; however, theoretical results sug-
gest that large deviations from independence can be tolerated 
[59], and the overall ranking of a dataset will be unchanged 
(although the absolute values of the probabilities will be in-
correct). Therefore, it is expected that NBC should be com-
petitive in a VS scenario. 

 The earliest use of a NBC methodology is that of Binary 
QSAR, introduced by Labute [60], although the similarity of 
this method to NBC does not appear to have initially been 
appreciated. Binary QSAR differs from other uses of NBC in 
the way the descriptors are prepared: Principal Component 
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Analysis (PCA) is used to decorrelate the descriptors (note 
however, that this is not sufficient to ensure statistical inde-
pendence), and after binning these new scores, a Gaussian 
function is used to smooth the contribution of each descrip-
tor over adjacent bins, ameliorating any edge effects that 
might arise from the discretization. Few large-scale VS stud-
ies using binary QSAR have been carried out; however, a 
recent study by Prathipati and Saxena on the AChE dataset 
used by Jacobsson and co-workers in their study of super-
vised consensus scoring functions [61], indicated that the 
performance of binary QSAR was comparable to the per-
formance of PLS-Discriminative Analysis (PLS-DA) [62]. 
One of the most prominent proponents of the use of the NBC 
in VS has been a group at Novartis. Glick and co-workers 
initially used the NBC with extended connectivity finger-
print (ECFP) descriptors as a post-processing tool, to priori-
tize hits from noisy experimental HTS data, where the NBC 
ranking enriched the top 10% of the data with 26%-45% of 
the genuine actives across four HTS campaigns [63]. This 
work was extended to use docking in place of the HTS as a 
source of potential actives [64]. The docking scores were 
converted to a two-class classification using a threshold 
(three standard deviations below the mean energy), rather 
than relying on a priori knowledge of actives, which allows 
the technique to be applied to any database of molecules. 
Using 179,805 molecules from the Available Chemicals Di-
rectory (ACD) as inactives, the enrichment of protein tyro-
sine phosphatase 1B (PTP-1B) inhibitors showed substantial 
increases in enrichment whether using FlexX, DOCK or 
Glide. However, no increase in enrichment was observed 
when searching for inhibitors of protein kinase B/Akt (PKB). 
The explanation for this difference was that the PTP-1B 
docking results already showed some enrichment, which was 
enhanced by the application of NBC. Conversely, docking 
failed to find any genuine actives when screening against 
PKB. This result suggests that the NBC works to enhance an 
existing “signal” in noisy data, but cannot work under condi-
tions where the signal is effectively zero. The authors later 
showed [65] that consensus scoring using CScore and rank-
ing by the median rank was able to create an initial enrich-
ment for the PKB set, and training an NBC on the top 1% of 
the database increased the number of actives in the top 1% of 
the database from 24% to 64%. Further studies using HIV-1 
protease as a target [66], demonstrated that the docking-
guided NBC approach was superior to conventional similar-
ity searching. The authors also compared the use of NBC 
with bagged decision trees and a RBF SVM [67], using data 
from four recent campaigns targeting protease, chemokine 
receptor and GPCR targets. Classifiers trained on 4,000 
molecules, with 100-300 actives, were used to screen 
170,000 molecules. In general, the NBC was comparable to 
bagged decision trees. However, the SVM was the best per-
former of the three methods. On increasing the level of false 
positives in the training set, the performance of the NBC and 
bagged decision tree was unaffected, but the SVM’s per-
formance fell until it was no more effective than the NBC 
and decision tree. Recently, the authors have extended the 
use of the NBC to predict the biological target of a molecule 
[68], and to model numerical descriptors using a Gaussian 
distribution for ADME classifications [69]. Further use of 
the NBC has been made by Bender and co-workers, in con-
junction with MOLPRINT2D, a 2D topological fingerprint, 

and variable selection using the information gain criterion, 
normally used as a splitting rule in the C4.5 decision tree 
methodology [70]. Using several datasets from the MDDR 
database, they demonstrated that the NBC showed superior 
performance to data fusion of standard similarity searching 
with bitstrings or holograms, and was competitive with BKD 
[71, 72]. Consistent with the conclusion of Willett and co-
workers in their evaluation of the NBC, Bender and co-
workers applied the NBC to screen 100,000 molecules from 
the McMaster University High-Throughput Data-Mining and 
Docking Competition [73], and concluded that the NBC is 
not suited to similarity searching in datasets which are struc-
turally heterogeneous compared to the training data [74]. The 
technique has also been extended to use 3D structures with 
MOLPRINT3D, an alignment independent 3D descriptor 
based on binned energy evaluations at a molecular surface 
[75] using probes from the GRID forcefield [76]. This was 
not as effective as MOLPRINT2D, but still outperformed 
several other similarity searching methods using the MDDR 
benchmarks. Willett and co-workers have also recently in-
vestigated the use of the NBC [58], comparing it to group 
fusion, a simple consensus score defined as the maximum 
similarity between a test set molecule and any training set 
molecule. In these experiments, the Extended Connectivity 
Fingerprint (ECFP4) implemented in Pipeline Pilot (SciTe-
gic Inc., San Diego) were used as descriptors across 14 
datasets taken from the MDDR, using 5 or 10 known actives 
as training set molecules and 200 inactive molecules. Results 
showed that the NBC is superior to group fusion only in the 
case where the actives are structurally homogeneous, and the 
inactives are heterogeneous. Filikov and co-workers also 
used the NBC in their “surrogate docking” approach [77], 
which aims to use QSAR models to predict docking scores, 
rather than bioactivity. It has strong similarities with, but 
predates the previously described “progressive docking” 
technique of Cherkasov and co-workers, without the iterative 
aspect. The authors demonstrated the approach in a retro-
spective screening simulation using ICM [78] to dock two 
datasets of size 85,000: a selection of molecules from the 
NCI screening library, and a CDK-focused combinatorial 
library. In both cases, a training set of 5,000 molecules was 
used, including only 50 known actives. The ECFP and func-
tional connectivity fingerprints (FCFP) descriptors, com-
bined with radial basis functions and NBC classifiers were 
used to build the QSAR models. In both cases, the authors 
found that the top 5,000 molecules in the 80,000 compound 
test set contained around 50 % of the docking hits. In gen-
eral, the NBC has been found to be a capable algorithm. 
However, Svetnik and co-workers evaluated NBC against a 
large CDK2 dataset and it performed the least well of all the 
methods they studied [79]. 

SUPPORT VECTOR MACHINES 

 Support vector machines (SVMs) were developed by 
Vapnik [80,81] and introduced into chemoinformatics by 
Burbidge and co-workers [82] and Czerminski and co-
workers [83]. Apparently, classification by SVM is similar to 
simple methods such a linear discrimination. A separating 
hyperplane is defined and instances are classified depending 
on which side of the boundary they lie. When a ranking is 
required, the distance between an instance and the hyper-
plane is used. Important features of the SVM methodology 
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are that the hyperplane is chosen to maximize the distance 
between the hyperplane and the nearest instance (normally 
referred to as the margin) and only a small subset of training 
instances (the support vectors) define the boundary. Addi-
tionally, noisy data or experimental errors can be accounted 
for by allowing some instances to be on the wrong side of 
the hyperplane. Each instance is then associated with a 
‘slack’ variable, which is non-zero for misclassified in-
stances. This penalty is included in the optimization, and 
allows a trade-off between the number of misclassifications 
and the size of the margin. An additional useful feature of 
SVMs is the application of the so-called ‘kernel trick’, which 
extends SVM classification from linear to non-linear hyper-
planes, using Mercer’s theorem [84,85] to choose suitable 
‘kernel’ functions. These kernel functions allow the calcula-
tion of distances between instances in very high dimensional 
non-linear spaces, without requiring an explicit transforma-
tion of the instances themselves into the high dimensional 
non-linear space. Suitable functions that meet this require-
ment include polynomial kernels and radial basis function 
(RBF) kernels. For more details, see the tutorial of Burges 
[86]. A variety of decomposition algorithms have been de-
veloped [87-89], which have allowed the application of 
SVMs to large datasets. The SVM methodology has also 
been extended to regression (SVR) [90]. 

 Initial work on the use of SVM in VS was carried out by 
the Willett group, in collaboration with Syngenta. Their re-
sults indicated that SVMs were markedly inferior to the use 
of BKD, when tested on the 35,991 molecules in the NCI 
AIDS data set, using UNITY fingerprints as descriptors [56]. 
However, later work on 125,657 compounds with measured 
pesticidal activity and a polynomial kernel of degree five, 
outperformed BKD [52]. Schneider and co-workers screened 
2.7 million compounds from their COBRA database, using 
94 known COX-2 inhibitors for training [91]. A number of 
compounds cherry picked from the top of the database, 
yielded three molecules with inhibitory activity, one of 
which achieved activity higher even than celecoxib and ro-
fecoxib. Chuman and co-workers extracted 21 datasets re-
lated to depression (including serotonin, dopamine, adeno-
sine and monoamino-oxidase ligands) from the MDDR [92], 
and classified (but did not rank) 30,000 molecules per 
dataset with an RBF SVM and an atom count descriptor. 
True negatives were well predicted, with at least 96% cor-
rectly classified; however, positive recall was variable, rang-
ing from 44% to 89%. Jorissen and Gilson carried out a 
screening simulation for five receptor classes ( 1A AR, 
CDK2, COX2 and PDE5) [93], using 50 known actives for 
each target, and either 1,892 molecules from the NCI diver-
sity set or 25,175 from the Maybridge database as inactives. 
Using an RBF SVM with 2D descriptors generated by the 
DRAGON program (http://www.disat.unimib.it/chm/), they 
retrieved more actives from the top 2% to 10% of the 
screened database than either BKD or data fusion methods 
using fingerprints. Saeh and co-workers at AstraZeneca used 
SVMs with a variety of kernels and 3D pharmacophore trip-
lets on a mixture of proprietary and MDDR data for G-
protein coupled receptors [94]. They were able to prioritize 
1,573 compounds from a list of 129,994, yielding a hit rate 
69 times higher than random selection. A genuinely prospec-
tive use of SVR in VS was provided by Schneider and co-
workers [95], who used a model built from 331 dopamine 

receptors inhibitors to screen the SPECS and Interbioscreen 
databases (over 255,000 molecules combined) to suggest 11 
compounds with a high selectivity for the D3 receptor. One 
weak hit was successfully optimized by similarity searching 
to a nanomolar affinity, with a tenfold preference in affinity 
for the D3 receptor over the D2. Interesting recent theoretical 
work on SVMs has been the development of kernels that can 
be applied to data with different structures. This is useful in 
virtual screening, where it is more natural to represent a 
molecule as a graph rather than a vector of descriptors. Re-
cent work in this area has included the development of ker-
nels to represent pharmacophores [96], trees [97] and graphs 
[98]. Kless and co-workers have also suggested new kernel 
functions, including those based on Slater-type orbitals and 
the Tanimoto coefficient [99], and demonstrated that the 
different costs associated with misclassified active and inac-
tive molecules can be accounted for by using different slack 
variables for the different classes. 

NEURAL NETWORKS 

 Artificial neural networks (ANNs) have played a long-
established role in chemoinformatics [100]. Two major types 
of neutral network are in use: feed-forward networks (which 
are supervised), and self-organizing maps (SOMs), which 
are mainly unsupervised. Both networks are made up of a 
series of connected neurons. A neuron takes multiple nu-
merical inputs, and outputs a transformed, weighted sum of 
the inputs. Common transformation functions include the 
tanh and sigmoid functions. For feed forward networks, de-
scriptors are used as inputs into the initial layer of neurons, 
and then further layers take their inputs from the output of 
the previous layers. The final layer contains the predictions, 
with one output neuron per predicted value. Therefore most 
feed forward networks used for virtual screening have only a 
single neuron in the output layer, although ANNs can be 
extended to predicting multiple properties simultaneously 
easily. 

 As the name suggests, the inspiration for the structure 
and working of ANNs is that of neurons firing in the brain, 
but statistically, it may be more constructive to note the simi-
larities between them and projection pursuit regression [9], 
which mainly differ in the training procedure by which the 
weights are established. For feed-forward ANNs, the most 
usual technique is backpropagation [101], where the weights 
are initialized to random values, and then adjusted to reduce 
the error observed in the output, moving backwards from the 
layer closest to the output. 

 Several uses of ANNs to create consensus scoring func-
tions for docking have been presented recently. GFScore is a 
neural network that combines GOLDscore, DOCKscore, 
PMFscore, ChemScore and FlexXScore, using 78 proteins 
from the FlexX dataset as a training set [102], and was 
shown to be superior to a linear combination of the same 
scoring functions. Other uses of neural networks to create 
new scoring functions have been reported by Barbault et al., 
who trained an ANN using the AutoDock scoring function to 
create a scoring function tailored to RNA targets [103]. 
However, only eight molecules were used in the training set, 
and no large-scale validation was attempted. Sem and co-
workers used ANNs to create a consensus score for predict-
ing CYP2D6 [104] binding affinity with AutoDock and 
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XScore. Additionally, they used the classification accuracy 
of the ANN model to determine which of 20 conformations 
of the CYP2D6 binding site, generated by a molecular dy-
namics simulation, was likely to resemble the bioactive 
form. The stochastic nature of most neural network training 
methods means that the resulting models are not reproduci-
ble. Agrafiotis and co-workers suggested that this variance in 
output can be put to good use by combining the results of 
several neural ANNs together in a type of consensus scoring 
[105]. Although no details of any truly large scale screening 
of pharmaceutical data have been published, Seierstad and 
Agrafiotis have used ensembles of ANNs to derive QSARs 
for several hundred compounds with inhibitory activity 
against the human ether-á-go-go-related gene (hERG)-
encoded cardiac potassium channel [106]. 

 In contrast to feed forward ANNs, the architecture of a 
SOM [107] is that of a grid, rather than a series of layers. 
Each neuron is connected to its neighbors, and the output of 
which is an entire vector of values rather than a single value. 

 The dimensionality of the vector is the same as that of the 
instances used for training, and the values are normally ini-
tially randomly distributed. The process of training a SOM 
involves presenting each training instance to the network, 
and choosing a “winning” node, which has a vector most 
similar to the training instance’s own descriptors. The vector 
of the winning node, and its neighbors, are updated to be-
come more similar to that of the training instance, and the 
process is repeated until a stopping criterion is reached. In 
this way, the neurons take on the character of the training 
set. A trained SOM can then be used for clustering, by find-
ing the neuron that most closely resembles a test set instance. 
In chemoinformatics, a SOM is often used as a classification 
tool – test set molecules that resemble neurons that are occu-
pied by known actives are deemed also to be active. A 
closely related architecture is the counter-propagation neural 
network [100]. SOMs remain popular for classification and 
several examples of their successful use for VS on large 
datasets have been described. Selzer and Ertl used a 3D ra-
dial distribution function (RDF) descriptor to describe 
27,000 molecules from the World Drug Index, including 
1,700 GPCR ligands [108]. A counter-propagation ANN 
trained with these data recorded an enrichment factor of 13-
fold for the top 1% of a test set of similar size to the training 
set. Ecker and co-workers trained a SOM with 131 
propafenone-type inhibitors of P-glycoprotein, represented 
by autocorrelation descriptors and screened 134,767 com-
pounds in the SPECS database. Seven out of 15 compounds 
chosen for experimental testing were active at micromolar 
and submicromolar concentrations [109, 110]. Schneider and 
Nettekoven built a SOM with topological atom pair descrip-
tors to classify a small library of 153 molecules screened for 
purinergic human A2A receptor activity [111]. The ACD 
was screened to find 17 molecules similar to the actives in 
the training set, one of which displayed nanomolar activity 
towards A2A with a hundredfold selectivity over the A1 
receptor. 

 Artificial neural networks have also been used for VS 
outside of the pharmaceutical area, for example in heteroge-
neous catalysis [112,113]. A novel application of neural 
networks for virtual screening was provided by Thaler [114], 
in the search for ultra-hard binary compounds. Thaler used 

an auto-associative neural network, in which the output is of 
the same dimensionality and type as the inputs, i.e. the net-
work is trained to reproduce its inputs. Thaler trained one 
network with a simple representation of binary mixtures of 
elements and their relative stoichiometries. The network is 
then induced to produce novel mixtures by randomly per-
turbing the weights, and connecting the output of the net-
work to the input, and allowing the network to iterate to a 
steady state. The author claims that this allows the creation 
of novel structures not found in the training set, but follow-
ing the rules of stoichiometry encoded in the network. Fur-
ther networks were trained to predict hardness. The study 
suffers from a lack of statistical or experimental validation, 
but remains a unique application of artificial neural network 
methodology. 

DECISION TREES 

 A decision tree represents the conjunction of a series of 
“rules”, where each rule is a predicate concerning a set of 
descriptors. The order of application of the rules is fixed, and 
which rules are applied to an instance depends on whether 
the previous rule evaluated to true or false. When visualized, 
this branching path structure resembles an inverted tree. Af-
ter all rule evaluation, a “leaf” is reached, where an assign-
ment to a classification or a value is made. The process of 
training a decision tree determines which rules are included 
in the tree, in which order, and what classification to make at 
each leaf. The process is normally carried out by choosing a 
single rule that splits the training instances into two or more 
(not necessarily equally-sized) groups. The process is then 
repeated for each of the subsets, until a termination criterion 
is met, which gives rise to the technique’s alternative name, 
recursive partitioning. In general, the training methods con-
struct a rule using only one descriptor at a time, a binary split 
is made for each rule, and the choice of rule is based on pro-
ducing a split that generates two subsets which are most ho-
mogeneous in terms of the response value (although other 
methods are possible, e.g. using evolutionary programming 
[115]). Decision trees can be used for regression purposes, 
but are most commonly used for classification. A method 
similar to decision trees is rule induction, or association rule 
mining, which also constructs a series of rules for classifying 
the data set. Unlike decision trees, the rule set need not dis-
play a hierarchical structure. Rule induction techniques have 
been applied almost exclusively for mining toxicology data-
bases for detecting frequently occurring substructures; the 
reports of Kazius [116] and co-workers and Karwath and De 
Raedt [117] are recent examples. However, Clark and co-
workers reported the use of rule induction for scaffold hop-
ping during lead optimization of a library of 1,600 molecules 
screened for activity against respiratory tract infections 
[118]. 

 The relatively few applications of rule mining in VS is 
perhaps surprising given how popular decision trees have 
been as classification tools in QSAR, in no small part due to 
the interpretable models they produce, despite representing a 
non-linear learning methodology. Applications to large 
screening datasets were published by workers at GlaxoS-
mithKline, who demonstrated its use as an integrated tool for 
iterative screening. Jones-Hertzog and co-workers [119] re-
ported results for screening 23,000 compounds against 14 
GPCR targets, outperforming random selection and similar-
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ity searching in the majority of cases. Rusinko and co-
workers used a 2,500 member library displaying only a weak 
SAR as a training set [120], and returned 22 out of the 50 
most active compounds after screening only 6% of a simi-
larly sized test library. Other uses of decision trees for HTS 
data include Blower and co-workers, who combined decision 
trees with the Simulated Annealing search method for vari-
able selection, applying it to the NCI cancer set [121], and 
Van Rhee and co-workers, who carried out a retrospective 
analysis of 20,000 compounds tested against an ion channel 
target, using a 5, 000 member training set, and increasing hit 
rates in primary screens by four fold [122]. Recently, Ya-
makazi and co-workers used a single decision tree, trained 
on 130 PDE-5 inhibitors and 10,000 inactives to screen 
50,520 molecules in the SPECS database [123]. Seven of the 
19 selected compounds showed inhibitory activity at 10 μm. 
Despite these successes, the predictions of decision trees are 
known to suffer from high variance, and the structure of the 
decision tree is sensitive to small changes to the training set. 
Therefore, the machine learning community has produced a 
series of techniques to ameliorate these problems, which we 
describe in the next section. 

ENSEMBLE METHODS 

 Ensemble methods describe a series of classifiers that 
combine the output of other classifiers (called “base classifi-
ers”) to come up with the final prediction. The ensemble 
methods that have proven most popular are those that com-
bine classifiers of the same type, normally decision trees, 
although most of the following techniques are general and 
have also been widely applied to neural networks. Indeed, 
even heterogeneous collections of classifiers can be com-
bined. Differences between the decision trees are introduced 
by training them with slightly different training sets, or mak-
ing use of the stochastic nature of many training algorithms. 
Simple examples of the ensemble approach include the study 
of van Rhee and co-workers [124], who used pairs of deci-
sion trees to screen 3,000 molecules, which gave a 13 fold 
enrichment over the hit rate of a 14,000 member HTS when 
screening against an ion channel target. Miller presented a 
method where each tree is trained on a different subset of the 
training set, split on the basis of the ring systems [125]. 
When applied to the NCI cancer data set, it was as predictive 
as a single tree built on the entire data set, but was also more 
easily interpreted. 

 More advanced methods make use of the bootstrap [126], 
which creates subsamples of the training set with replace-
ment, so that a molecule can appear more than once in the 
subset. This provides the perturbation to produce different 
models. This scheme is called bagging [127], and was intro-
duced to chemoinformatics by Agrafiotis and co-workers 
[105]. While they used bagging in conjunction with neural 
networks, in recent years the decision tree has been most 
often used as a base classifier. Landrum and co-workers de-
scribed an application of bagging using a feature-map vector 
(FMV) as a descriptor [128], which consists of the distances 
between pharmacophoric features in the molecule and the 
equivalent features in a 3D pharmacophore model created by 
the alignment of known actives. A bagged decision tree was 
used to search for 161 CDK2 actives from a database of 
3,464 inactives, and a set of 50 HT3 antagonists from 1,400 
inactives. In both cases enrichments were much larger than 

similarity searching with the FMV descriptor or using 2D 
similarity. Other notable features of this study are that the 
effect of choosing a diverse versus a random set of actives 
for training, and that of using crystallographic structures 
versus computationally generated conformers for creating 
the aligned pharmacophore model was evaluated, and found 
to be fairly minor. Additionally, these impressive results 
were obtained using only three or four actives. One of the 
earliest attempts at a more sophisticated machine learning 
approach to consensus scoring in docking was carried out by 
Jacobsson and co-workers [61]. Here seven different scoring 
functions were combined: GOLDscore, DOCKscore, 
PMFscore, ChemScore and FlexXScore, which make up the 
popular CScore consensus scoring function [129], plus two 
scoring functions available with the docking program ICM. 
Four types of classifier were used: bagged decision trees, 
bagged rule induction, PLS-DA, and a Bayesian classifier 
assuming a multivariate normal distribution of the docking 
scores. All machine learning approaches improved on ICM-
Score and CScore over four different targets, but the bagged 
classifiers were the most effective. No successful regression 
models were found, so the authors suggested consensus scor-
ing should be used to remove as many inactive molecules as 
possible, rather than to identify particularly active com-
pounds. The number of actives was only 12 to 43, and ap-
proximately two-thirds of the actives were used for training, 
so the results of this study may be subject to a large amount 
of statistical uncertainty. 

 A similar ensemble method is boosting. Like bagging, it 
involves the majority vote of perturbed base classifiers, but 
the training set presented to each classifier is determined by 
the performance of the previously constructed classifier. In-
stances that were poorly predicted by the previous classifier 
are given a higher weighting to the subsequent classifier, to 
allow classifiers to concentrate on those observations that are 
difficult to predict correctly. To determine the classification 
of test set molecules, the majority vote of bagging is re-
placed by a weighted majority vote, where the weight of the 
vote given to the decision of each base classifier is propor-
tional to the number of correct classifications it made during 
training. Svetnik and co-workers at Merck evaluated the abil-
ity of boosting to screen 10,940 structures screened against 
CDK2, and 23,102 molecules assessed for their ability to 
inhibit an unspecified channel protein using atom pair de-
scriptors [79]. In both cases, boosting was superior to a sin-
gle decision tree, and comparable to the performance of RBF 
SVMs. 

 Random forest represents a third variation on ensemble 
methods, and is designed to be used with decision trees. The 
resampling method is a bootstrap, as in bagging, without the 
iterative component of boosting. Unlike bagging and boost-
ing, however, instances and variables are sampled randomly, 
and only a small subset of the available descriptors are cho-
sen at random to be used by the tree building algorithm when 
searching for an optimal rule. Svetnik and co-workers have 
also examined the use of random forest against several 
datasets, including the same HTS data they used to evaluate 
boosting [130,131], where it performed competitively. A 
related method is the Decision Forest [132] of Tong and co-
workers, where a different set of descriptors is used to build 
each tree, and which was recently applied to mining estrogen 
receptor-binders from a dataset of 57,000 molecules. 
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 Random forest has also been used in conjunction with 
docking. It is generally accepted that scoring functions are 
unable to estimate binding affinity consistently [133]. Con-
versely, the geometric accuracy with which an active mole-
cule is placed in a binding site is considered to be much bet-
ter. To this end, Teramoto and Fukunishi used a random for-
est classifier to predict the root mean square deviation 
(RMSD) of a docked conformation from the bioactive con-
formation [134]. They used 100 protein-ligand complexes 
with X-ray coordinates, and for each ligand produced 100 
decoys using AutoDock. Descriptors for the random forest 
classification were generated using 11 scoring functions. The 
random forest classifiers predicted which poses were within 
2.0 Å RMSD of the X-ray coordinates for 90% of cases, 
while the performance of the individual scoring function 
varied between 26% and 76%. 

 Finally, Springer and co-workers described PostDOCK 
[135], which uses a random forest classifier combined with 
32 descriptors combining the ChemScore, DOCK grid score 
and solvent accessible surface area (SASA) of a docked pose 
(using DOCK 4.01) to discriminate between actives and in-
actives. However, it is interesting to note that while the ran-
dom forest model could achieve an enrichment factor as high 
as 19.0 at a false positive rate of 5%, a model built using the 
simpler logistic regression method could achieve an enrich-
ment factor as high as 16.5. 

SEARCH METHODOLOGIES – PARTICLE SWARMS 
AND ARTIFICIAL ANTS 

 Search methods [132] are used to explore a multidimen-
sional landscape for an optimal value, where the dimensions 
are controllable parameters. Common uses of search meth-
ods for virtual screening are found in docking, where the 
goal is to optimize a ligand’s atomic coordinates with respect 
to those of the binding site, and during the training of super-
vised methods, most often for variable selection. Search 
methods such as the simplex and steepest descent suffer 
from being easily caught in local minima. Increasingly, sto-
chastic methods inspired by nature are being used as an al-
ternative. In chemoinformatics, simulated annealing and ge-
netic algorithms are widely used. However, other methods 
have received increasing attention in recent years. 

 Particle swarm optimization (PSO) [136] creates a popu-
lation of solutions, similarly to a genetic algorithm. Each 
solution is a particle that ‘flies’ with a particular velocity 
through the search space. The particle is attracted to search 
the space near both the best solution that it has seen, and the 
best solution seen by any particle. The speed and direction of 
each particle is updated based on these two goals, and the 
particle then flies to a new location in the search space based 
on its new velocity. By controlling the weight of the parti-
cle’s attraction to its personal best solution and that of the 
entire swarm, a balance between a global and a local search 
can be carried out. PSO was originally introduced in 
chemoinformatics as a variable selection technique [137], 
and this has been their main application (see for example the 
work of Yu and co-workers [138]). However, the discrete 
nature of this optimization problem (variables are either in 
the model or not) does not seem to lend itself well to the 
continuous nature of PSO, although an extension of PSO to 
discrete variables has been developed [139]. 

 A more natural application of PSO is in docking, where 
the coordinates of each particle maps to the coordinates of a 
ligand. Several groups have now applied PSO to docking, 
and the Lamarckian genetic algorithm (LGA), a genetic algo-
rithm hybridised with a local search method due to Solis and 
Wets [140], in AutoDock 3.05 has proven to be a popular 
benchmark. Janson and Merkle combined PSO with cluster-
ing techniques in their ClustMPSO algorithm [141], which 
uses subswarms and a multi-objective optimization (intermo-
lecular and intramolecular energy in this case) to maintain 
diversity in the solution space. They demonstrated that 
ClustMPSO could find lower energies with substantially 
fewer energy evaluations than LGA, but only two molecules 
(with 9 and 10 rotatable bonds) were evaluated. Chen and 
co-workers [142] also combined PSO with the AutoDock 
scoring function and used the hierarchical fair competition 
method of Hu and Goodman [143] to prevent premature 
convergence, calling their technique Tribe-PSO. For 100 
ligand-protein complexes taken from the Protein Data Bank 
(PDB: http://www.rcsb.org/pdb/), the PSO preserved diver-
sity of the solutions and showed superior convergence for 
very flexible (more than 15 rotatable bonds) ligands, com-
pared to the standard genetic algorithm. Ho and co-workers, 
with their SODOCK method, also found that PSO (also us-
ing the Lamarckian algorithm as a local search technique) 
could outperform LGA when reproducing the crystal struc-
ture of flexible ligands [144]. Additionally, they demon-
strated that PSO optimization reproduced crystal structure 
coordinates with a lower RMSD than DOCK, GOLD and 
FlexX 19 times out of the 37 structures investigated. 

 Ant colony optimization (ACO) was introduced by 
Dorigo and co-workers [145]. In this approach, each descrip-
tor is discretized into several bins. For each descriptor, a 
weight is associated with each bin. An artificial ant then 
traces out a path through the solution space, by visiting each 
descriptor, and choosing one of the values at random, with 
each bin being chosen with a probability proportional to the 
weight. The ant leaves a trail of pheromone behind it, which 
results in the weight of the bins that it visits being increased. 
This makes it more likely that those bins will be visited by 
other ants. As with PSO, ant systems were initially used for 
variable selection in QSAR [146, 147]. However, Korb et al. 
recently described the docking method Protein-Ligand ANT 
System (PLANTS) [148], which combines an ant system 
with simplex. Using 33 complexes from the CCDC/ASTEX 
“clean” list as a validation set [149], PLANTS, when com-
bined with the CHEMPLP scoring function, found more 
complexes within 2.0 Å of the crystallographic coordinates 
in a sixth of the time, compared to using GOLD. In a com-
parison with GOLD for the VS of 43 known factor Xa ac-
tives (the same as those used by Jacobsson and co-workers 
[61]) and 817 inactives (taken from the ZINC database 
[150]), PLANTS showed a slightly higher enrichment for the 
top 5% of the ranked database, but was four times faster. 

DATA PREPARATION AND VALIDATION 

 As machine learning becomes more established as a vir-
tual screening tool, it will become ever more important to 
ensure that the conclusions that are drawn are well founded. 
Advances in this area cannot be ensured by novel algorithms 
alone. There are two important issues: validation of the re-
sults, and preparing datasets so that the validation has the 
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chance to succeed. Lessons learnt from the QSAR commu-
nity remain valid, although good answers to the most press-
ing problems remain areas of active research. As a larger 
number of algorithms become available, and computational 
resources grow, the temptation to apply blindly all available 
methods to a dataset grows commensurately. Under these 
conditions, the statistics and validation measures that served 
the community previously must be modified to account for 
the much larger risk of a false positive result [151] and we 
have demonstrated their use in our evaluation of classifiers 
[152]. Useful pointers for future research may be found in 
bioinformatics, particularly microarrays, where datasets of 
similar dimensions to those used in chemoinformatics are 
encountered, and the false discovery rate is an area of intense 
interest [153]. 

 For regression, measures related to the root mean square 
error of prediction are well-established and uncontroversial 
measures of success. However, for classification, the ques-
tion of which evaluation measure to use is a subject of de-
bate. Simple classification accuracy has long been known to 
be inadequate, due to the disparity in sizes between known 
active and inactive molecules for any given target. For clas-
sifiers that predict only the category for a molecule (e.g. ac-
tive/inactive), then confusion matrices and reporting 
true/false positive/negative values suffice. However, many 
classifiers report a weight along with their prediction, e.g. a 
number between 0 and 1, where 0 would be considered inac-
tive and 1 active. Typically, a threshold of 0.5 is used to 
convert these predictions into a binary active/inactive classi-
fication. However, it is possible to choose a different thresh-
old, and therefore multiple partitions of the data into active 
and inactive can be generated. In these cases, the receiver 
operating characteristic curve has been advocated recently 
[154], which provides a graphical display of the trade off of 
false positives and false negatives as the threshold is altered. 
More specifically, the ROC can be plotted as the sensitivity 
against (1 – specificity). 

 A further attractive property of ROC curves is that the 
area under the curve (AUC) can be calculated to provide a 
convenient single number to summarize the overall behavior 
[155]. The ROC curve is not without its critics [156], be-
cause it summarizes the ability of the algorithm to rank a 
database over its entirety. It should be borne in mind that 
most uses of virtual screening are to prioritize a very small 
number of compounds, and therefore in these cases it is only 
necessary for the molecules that are predicted to be active 
with the highest confidence (i.e. the very top of the database 
after sorting by confidence of activity) to be true positives. 
Enrichment factors are well known measures that meet this 
requirement. Alternatives such as the robust initial enhance-
ment have been advocated as improvements [157]. Other 
alternatives include cost curves [158], and ANOVA [159]. 
No matter which measure is used, while better than random 
performance is easily demonstrated in most reports in the 
literature, Bender and Glen noted that sophisticated descrip-
tors do not always perform substantially better than using 
simple atom counts [160]. 

 Beyond choosing an appropriate measure to validate the 
success of screening, it would be even more useful to assess 
when a prediction is likely to be wrong at the time it is made. 
Outlier detection remains a problem in QSAR. Recent work 

on Gaussian processes has demonstrated a more rigorous 
theoretical framework using a Bayesian approach to estimate 
uncertainties [161]. 

 Other recent approaches are based on measuring the 
similarity between a molecule to be predicted and those in 
the training set, where molecules similar to those in the train-
ing set should be more reliably predicted. Jurs and co-
workers have described some approaches along these lines 
based on clustering and ‘reciprocal nearest neighbor’ curves, 
which can express the sparsity of the space around a mole-
cule as single number [162]. The previous approaches use 
the same descriptors used to build the learning algorithm to 
measure similarity; conversely, Sheridan and co-workers 
advocated using binary fingerprints and standard similarity 
searching techniques for measuring the similarity of mole-
cules [163]. This raises the question of whether it can be 
assumed that molecules that appear similar using descriptors 
in the supervised learning will be similar using fingerprint, 
but the authors reported promising results. Keefer and 
Woody used the structure of the Decision Forest classifier to 
generate a novel measure of similarity [164]. For each deci-
sion tree in the forest, the leaf in which each molecule ends 
up is recorded. Molecules that share many leaves across the 
forest are considered to be similar to each other. When pre-
dicting the class of a new molecule, as well as using the 
standard majority vote or averaging prediction, a k-nearest 
neighbors prediction can be obtained, where the similarity is 
based on the number of shared leaves. If this neighbor-based 
prediction differs from the standard aggregate prediction, 
then this molecule is flagged as unclassifiable. This method 
was tested using a dataset of several thousand molecules 
with measured activity against cytochrome P450 2D6 and 
3A4 and error rates in the unclassifiable set were around 
10% to 20% higher than the predictions that were kept. 
Around 20% to 30% of the datasets were found to be unclas-
sifiable by decision forests. 

CONCLUSIONS 

 The full panoply of modern machine learning has been 
brought to bear on the problem of virtual screening in recent 
years. Can we point to one algorithm that outperforms the 
others? The recent comparative study of Plewczynski and 
co-workers [165] provides some insight, having examined 
five targets, each consisting of approximately 10,000 com-
pounds taken from the MDDR, and having compared nearly 
all the algorithms described in this review. The SVM with a 
linear kernel was the best performing algorithm, with ran-
dom forest and kNN (in conjunction with a genetic algorithm 
for variable selection) a close second. ANN performed less 
well, while decision tree and NBC were less effective still. 
The fact that ensemble methods can perform close to that of 
SVM accords well with our own experience on smaller 
datasets [152], as well as the experiences of Svetnik and co-
workers [79, 130, 131], who also found that single decision 
trees and the NBC were substantially less effective than 
more modern approaches. Additionally, Glick and co-
workers, strong advocates of the use of NBC, have published 
analyses that show under favorable conditions, an SVM per-
forms better than a decision tree or NBC [67]. However, 
their same analysis demonstrates that the SVM tolerates 
noisy data less well, which is likely to be more of an issue in 
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real world screening data, rather than curated databases such 
as the MDDR. 

 A final issue to bear in mind is that SVMs have probably 
the largest number of adjustable parameters of the algorithms 
under discussion and it is unclear how sensitive the results 
are to these settings. 

 Both ligand-based methods, extensions of QSAR and 
similarity searching, and structure-based methods using 
docking have been enhanced by machine learning ap-
proaches. Indeed, the borders between these disparate ap-
proaches are beginning to dissolve, and techniques from the 
machine learning and data mining communities seem likely 
to be applied to chemical problems with increasing rapidity. 
Six years passed between the publication of the first edition 
of Vapnik’s book on SVM [80], and it first being applied to 
chemical data, and likewise for bagging. However, perhaps 
the time taken for chemists to notice developments in the 
machine learning literature is shortening: only three years 
elapsed between the publication on random forest appearing 
and its evaluation of relevance for chemoinformatics. Ide-
ally, given the increased interest in machine learning algo-
rithms from those in the chemoinformatics community, the 
flow of ideas between disciplines will be two-way, and algo-
rithms specifically tailored for the datasets facing virtual 
screeners (noisy, unbalanced and high dimensional) will be 
developed. With new algorithms and abundant data come 
new challenges: given the widespread availability of highly 
functional statistical and machine learning software, the 
greatest challenges facing the community are less about the 
application of the algorithms, and more about ensuring the 
data are relevant in the first place, and the results are mean-
ingful. With these caveats in mind, we fully expect machine 
learning to occupy a central place in virtual screening in the 
coming years. 
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