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Abstract: Machine learning methods have been explored as ligand-based virtual screening tools for facilitating drug lead 

discovery. These methods predict compounds of specific pharmacodynamic, pharmacokinetic or toxicological properties 

based on their structure-derived structural and physicochemical properties. Increasing attention has been directed at these 

methods because of their capability in predicting compounds of diverse structures and complex structure-activity relation-

ships without requiring the knowledge of target 3D structure. This article reviews current progresses in using machine 

learning methods for virtual screening of pharmacodynamically active compounds from large compound libraries, and 

analyzes and compares the reported performances of machine learning tools with those of structure-based and other 

ligand-based (such as pharmacophore and clustering) virtual screening methods. The feasibility to improve the perform-

ance of machine learning methods in screening large libraries is discussed. 
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INTRODUCTION 

 Virtual screening (VS) has been extensively explored for 
facilitating drug lead discovery [1-4] and for identifying 
agents of desirable pharmacokinetic and toxicological prop-
erties [5, 6]. Both structure-based [1,7-18] and ligand-based 
[2,19-22] approaches have been used for developing VS 
tools. The former identifies active compounds by modeling 
and evaluating their interaction with a specific target based 
on binding site 3D structure. The latter searches active com-
pounds by determining if their structure contains the frame-
work or profile that matches those of the known active com-
pounds. Machine learning (ML) methods have recently been 
explored for developing ligand-based VS tools [23-34] to 
complement or to be used in combination with structure-
based [1,7-18] and other ligand-based [2,19-22] VS tools for 
improving the performance and speed of lead discovery. 

 ML methods utilize nonlinear supervised learning meth-
ods to develop statistical models that map physicochemical 
properties (molecular descriptors) with their activity classes, 
and thus are more capable of predicting a more diverse spec-
trum of compounds and more complex structure-activity 
relationships than structure-based VS methods and other 
ligand-based VS methods such as QSAR, pharmacophore, 
and clustering methods [2, 19-23, 32, 33]. This capability 
arises because ML methods are capable of generating com-
plex nonlinear mappings from molecular descriptors to activ-
ity classes without restriction on structural frameworks, and 
without requiring prior knowledge of relevant molecular 
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descriptors and functional form of structure-activity relation-
ships [29, 35-38]. Moreover, performance of ML can be en-
hanced by active learning that mimics drug discovery cycle 
[39, 40] and by applicability domain analysis that focuses on 
compounds of highest chance of correct prediction [35, 41-
43]. 

 Therefore, ML methods have been explored as part of the 
efforts to overcome several problems that have impeded pro-
gress in the application of structure-based VS and other 
ligand-based VS tools [1, 36]. These problems include the 
vastness and sparse nature of chemical space needs to be 
searched, limited availability of target structures (only 15% 
of known proteins have known 3D structures), limited diver-
sity biased by training molecules, complexity and flexibility 
of target structures, and difficulties in computing binding 
affinity and solvation effects. 

 This article reviews current progress in using ML meth-
ods for virtual screening of pharmacodynamically active 
compounds from large compound libraries. The literature-
reported performances of ML-based VS tools are analyzed 
and tentatively compared with those of structure-based and 
other ligand-based VS tools. The feasibility to improve the 
performance of ML methods in screening large libraries is 
also discussed. Strictly speaking, direct comparison of the 
reported performances of these VS tools is inappropriate 
because of the differences in the type, composition and di-
versity of compounds screened, and in the molecular de-
scriptors, VS algorithms and their parameters used. The re-
ported studies are, in most cases, not detailed enough to ad-
dress such questions as which hits are predicted by all or 
majority of the methods. The screened library in these stud-
ies is either part of MDDR (up to ~170,000 compounds) or 
specially assembled VS libraries from 15 commercially and 
freely available libraries (~2 million compounds) [44] plus 
in-house libraries of various sizes. The number of unique 
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compounds and scaffolds are ~160,000 and 3057 for the 
former and 729,000 and 18,775 for the later [45]. There-
fore, there seems to be a correlation between the size and 
diversity of the VS libraries, and the structural diversity of 
the libraries used in most studies is sufficiently broad to pro-
vide a tentative comparison for crudely estimating the level 
of performance of ML methods with respect to those 
achieved by other types of VS tools. 

COMPOUND REPRESENTATION IN MACHINE 
LEARNING METHODS 

 Structural and physicochemical features of compounds 
can be quantitatively represented by molecular descriptors, 
which have been extensively used for developing ML VS 
tools [46-53] as well as SAR [54, 55] and QSAR [56, 57]. 
The most popularly used computer programs for deriving 
molecular descriptors are DRAGON [58], Molconn-Z [59], 
JOELib [60], and Xue descriptor set [50]. Web-servers such 
as MODEL [61] (http://jing.cz3.nus.edu.sg/cgi-bin/model/ 
model.cgi) have also emerged. These methods can be used 
for deriving >3,000 molecular descriptors including constitu-
tional descriptors, topological descriptors [62], RDF descrip-
tors [63], molecular walk counts [64], 3D-MoRSE descrip-
tors [65], BCUT descriptors [66], WHIM descriptors [67], 
Galvez topological charge indices and charge descriptors 
[68], GETAWAY descriptors [69], 2D autocorrelations, 
functional groups, atom-centred descriptors, aromaticity in-
dices [70], Randic molecular profiles [71], electrotopological 
state descriptors [72], linear solvation energy relationship 
descriptors [73], and other empirical and molecular proper-
ties. 

 Not all of the available descriptors are needed for repre-
senting features of a particular class of compounds. Moreo-
ver, without properly selecting the appropriate set of descrip-
tors, the performance of a developed ML VS tool may be 
affected to some degrees because of the noise arising from 
the high redundancy and overlapping of the available de-
scriptors. Selection of appropriate set of molecular descrip-
tors is also important for distinguishing similar and dissimi-
lar compounds in the same and different activity class [74]. 
Testing molecules that are similar to a lead are highly useful 
when optimizing the lead but may become wasteful in 
searching for new leads against the known lead. It has been 
found that, if a molecular descriptor is to be a valid and use-
ful measure of similarity in drug discovery, a plot of differ-
ences in its values vs differences in biological activities ex-
hibits a characteristic trapezoidal distribution enhancement 
that reveals a neighborhood behavior for the descriptor [75]. 

 Descriptors most appropriate for representing compounds 
of a particular property can be selected either by intuition as 
those used in QSAR and QSPR studies [23, 32, 33], or by 
using such feature selection methods as genetic algorithm-
based approach [76], recursive feature eliminations (RFE) 
[77], and simulated annealing-based approach [78]. How-
ever, in many cases, it is difficult to uniquely select an opti-
mal set of descriptors due to the high redundancy and over-
lapping of many descriptors [79]. Separate sets of descriptors 
containing different members of redundant descriptor classes 
have been found to give similar prediction accuracies [80]. 
Thus, interpretation of prediction results may need to be 

conducted at the descriptor class level where redundant and 
overlapping descriptors are grouped into classes [81]. 

 It has been found that the physicochemical features of 
some compounds cannot be fully represented by the avail-
able descriptors [81-83]. These compounds typically contain 
one or more combinations of inflexible multi-rings, highly 
polar tetrazole rings, aromatic rings separated by a specific 
atom, complex two ring system with multiple heteroatoms, 
polycyclic aromatic structures, long flexible chains, hydra-
zine group, and multiple ionisable groups. Therefore, there is 
a need for deriving new descriptors to adequately represent 
features of these and other compounds. 

COMMONLY USED MACHINE LEARNING METH-
ODS 

 Several ML methods have been used for developing VS 
tools. These include logistic regression (LR), linear dis-
criminant analysis (LDA), k-nearest neighbor (kNN), binary 
kernel discrimination (BKD), decision tree (DT), naive Bay-
esian classifier (NBC), artificial neural networks (ANN), 
probabilistic neural network (PNN), and support vector ma-
chines (SVM). Websites for the freely downloadable codes 
of some methods are given in Table 1. 

Artificial Neural Network (ANN) 

 An artificial neural network (ANN) is an information-

processing paradigm that mimics the information-processing 

operations of the densely interconnected neurons [84, 85]. In 

most cases an ANN is an adaptive system that changes its 

structure based on external or internal information that flows 

through the network governed by simple mathematical mod-

els defined by a function f(x): x  y. The term artificial neu-

ral network arises because the function f(x) is defined as a 

composition of other functions gi(x), which can further be 

defined as a composition of other functions. This can be 

conveniently represented as a network structure, with arrows 

depicting the dependencies between variables. A widely used 

type of composition is the nonlinear weighted sum 

  

f (x) = K( w
i

i

g
i
(x)) , where K is a predefined function. 

Binary Kernel Discrimination (BKD) 

 BKD is a ML method initially used in chemoinformatics 

[24] and subsequently applied to the prediction of active 

compounds [30, 86]. BKD is a similarity-based approach for 

classifying chemical properties via kernel functions. The 

commonly used kernel function is 

K (i, j) = [ n dij (1 )dij ] /n
 where  is a smoothing parame-

ter to be determined in specific cases, n is the length of the 

binary feature vectors with molecular descriptors as their 

components, dij is the Hamming distance between the feature 

vectors for compounds i and j, and  (   n) is a user-defined 

constant. Training set compounds are ranked using the scor-

ing function SBKD ( j) = k (i, j)
i=active

/ k (i, j)
i=inactive

 with 

the optimum value of  being found from analysis of the 

training set. The optimum is obtained by computing scores 

for each training set compound based on the other training 

set compounds, for a number of different values of  in the 

http://jing.cz3.nus.edu.sg/cgi-bin/model/
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range 0.50-0.99. For each value of  the sum of the ranks of 

the active compounds is computed. If this is plotted against  

a clear minimum should be observed indicating the optimum 

, i.e., the value that minimizes the summed ranks of the 

actives in the training set. This optimum value is then used 

for scoring the compounds in the test set. 

C4.5 Decision Tree (C4.5 DT) 

 C4.5 DT is a branch-test-based classifier [87].
 
A branch 

of the decision tree corresponds to a group of classes and a 
leaf represents a specific class. A decision node specifies a 
test on a single attribute value, with one branch and its sub-
sequent classes as possible outcomes. C4.5 decision tree uses 
recursive partitioning to examine every attribute of the data 
and to rank them according to their ability to partition the 

remaining data, thereby constructing a decision tree. A vec-
tor x is classified by starting at the root of the tree and mov-
ing through the tree until a leaf is encountered. At each non-
leaf decision node, a test is conducted to move into a branch. 
Upon reaching the destination leaf, the class of the vector x 
is predicted to be that of the leaf. This process continues to 
allow the tree to grow to the full size, which is then pruned 
back to an appropriate size based on the evaluation of its 
overall prediction performance. 

 The estimation criterion in the decision tree algorithm is 

the selection of an attribute to test at each decision node in 

the tree. The goal is to select the attribute that is most useful 

for classifying examples. A good quantitative measure of the 

worth of an attribute is a statistical property called informa-

Table 1. Websites that Contain Freely Downloadable Codes of Machine Learning Methods 

 

BKD 

Binding Database http://www.bindingdb.org/bind/vsOverview.jsp 

Decision Trees 

PrecisionTree http://www.palisade.com.au/precisiontree/ 

DecisionPro http://www.vanguardsw.com/decisionpro/jdtree.htm 

C4.5 http://www2.cs.uregina.ca/~hamilton/courses/831/notes/ml/dtrees/c4.5/tutorial.html 

C5.0 http://www.rulequest.com/download.html 

kNN 

k-Nearest Neighbor  http://www.cs.cmu.edu/~zhuxj/courseproject/knndemo/KNN.html 

PERL Module for kNN http://aspn.activestate.com/ASPN/CodeDoc/AI-Categorize/AI/Categorize/kNN.html 

Java class for kNN http://nlp.stanford.edu/nlp/javadoc/javanlp/edu/stanford/nlp/classify/old/KNN.html 

LDA 

DTREG http://www.dtreg.com/lda.htm 

LR 

Paul Komarek's Logistic Regression Software http://komarix.org/ac/lr/lrtrirls 

Web-based logistic regression calculator http://statpages.org/logistic.html 

Neural Network 

BrainMaker http://www.calsci.com/ 

Libneural http://pcrochat.online.fr/webus/tutorial/BPN_tutorial7.html 

fann http://leenissen.dk/fann/ 

NeuralWorks Predict http://www.neuralware.com/products.jsp 

NeuroShell Predictor http://www.mbaware.com/neurpred.html 

SVM 

SVM light http://svmlight.joachims.org/ 

LIBSVM http://www.csie.ntu.edu.tw/~cjlin/libsvm/ 

mySVM http://www-ai.cs.uni-dortmund.de/SOFTWARE/MYSVM/index.html 

BSVM  http://www.csie.ntu.edu.tw/~cjlin/bsvm/ 

SVMTorch http://www.idiap.ch/learning/SVMTorch.html 

Multiple ML Tools 

Weka (Java package that include decision trees, linear regression, 
and SVM) 

http://www.cs.waikato.ac.nz/ml/weka/ 

http://www.bindingdb.org/bind/vsOverview.jsp
http://www.palisade.com.au/precisiontree/DecisionProhttp://www.vanguardsw.com/decisionpro/jdtree.htm
http://www.palisade.com.au/precisiontree/DecisionProhttp://www.vanguardsw.com/decisionpro/jdtree.htm
http://www.palisade.com.au/precisiontree/DecisionProhttp://www.vanguardsw.com/decisionpro/jdtree.htm
http://www.vanguardsw.com/decisionpro/jdtree.htm
http://www2.cs.uregina.ca/~hamilton/courses/831/notes/ml/dtrees/c4.5/tutorial.html
http://www.rulequest.com/download.html
http://www.cs.cmu.edu/~zhuxj/courseproject/knndemo/KNN.html
http://aspn.activestate.com/ASPN/CodeDoc/AI-Categorize/AI/Categorize/kNN.html
http://nlp.stanford.edu/nlp/javadoc/javanlp/edu/stanford/nlp/classify/old/KNN.html
http://www.dtreg.com/lda.htm
http://komarix.org/ac/lr/lrtrirls
http://statpages.org/logistic.html
http://www.calsci.com/Libneuralhttp://pcrochat.online.fr/webus/tutorial/BPN_tutorial7.html
http://www.calsci.com/Libneuralhttp://pcrochat.online.fr/webus/tutorial/BPN_tutorial7.html
http://www.calsci.com/Libneuralhttp://pcrochat.online.fr/webus/tutorial/BPN_tutorial7.html
http://pcrochat.online.fr/webus/tutorial/BPN_tutorial7.html
http://leenissen.dk/fann/
http://www.neuralware.com/products.jsp
http://www.mbaware.com/neurpred.html
http://svmlight.joachims.org/LIBSVMhttp://www.csie.ntu.edu.tw/~cjlin/libsvm/
http://svmlight.joachims.org/LIBSVMhttp://www.csie.ntu.edu.tw/~cjlin/libsvm/
http://www.csie.ntu.edu.tw/~cjlin/libsvm/mySVMhttp://www-ai.cs.uni-dortmund.de/SOFTWARE/MYSVM/index.html
http://www.csie.ntu.edu.tw/~cjlin/libsvm/mySVMhttp://www-ai.cs.uni-dortmund.de/SOFTWARE/MYSVM/index.html
http://www.csie.ntu.edu.tw/~cjlin/libsvm/mySVMhttp://www-ai.cs.uni-dortmund.de/SOFTWARE/MYSVM/index.html
http://www-ai.cs.uni-dortmund.de/SOFTWARE/MYSVM/index.html
http://www.csie.ntu.edu.tw/~cjlin/bsvm/SVMTorchhttp://www.idiap.ch/learning/SVMTorch.html
http://www.csie.ntu.edu.tw/~cjlin/bsvm/SVMTorchhttp://www.idiap.ch/learning/SVMTorch.html
http://www.csie.ntu.edu.tw/~cjlin/bsvm/SVMTorchhttp://www.idiap.ch/learning/SVMTorch.html
http://www.idiap.ch/learning/SVMTorch.html
http://www.cs.waikato.ac.nz/ml/weka/
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tion gain Gain(S, A) = Entropy(s)
| Sv |

| S |
Entropy(Sv )

v Value(A)

 

that measures how well a given attribute separates the train-

ing examples according to their target classification. Here 

Entropy(S) = pi log2 pi
i=1

c

, S is called entropy that charac-

terizes the purity or impurity of an arbitrary collection of 

examples, pi is the proportion of S belonging to class I, A is 

the set of all possible values for attribute A, and Sv is the sub-

set of S for which attribute A has value v (i.e., 

Sv = {s I S | A(s) = v} ). 

k Nearest Neighbor (kNN) 

 In kNN, the Euclidean distance between an unclassified 
vector x and each individual vector xi in the training set is 
measured [88, 89]. A total of k number of vectors nearest to 
the unclassified vector x are used to determine the class of 
that unclassified vector. The class of the majority of the k 
nearest neighbors is chosen as the predicted class of the un-
classified vector x. 

Linear Discriminant Analysis (LDA) 

 LDA [90] separates two classes of vectors by construct-

ing a hyperplane defined by the following linear discriminant 

function: 

 

L = w
i
x

i

i

k

, where L is the resultant classification 

score and wi is the weight associated with the corresponding 

descriptor xi. A positive or negative L value indicates that a 

vector x belongs to the positive or negative class respec-

tively. LDA has been extensive explored for developing 

QSAR models of active compounds [91-94]. 

Naive Bayesian Classifier (NBC) 

 A NBC [95] is a simple probabilistic classifier that ap-
plies the Bayes theorem under the strong (naive) independ-
ence assumptions. The task is to determine P(Y|x), the poste-
rior probability of Y conditioned on the vectors {x} based on 
more information (such as background knowledge) than the 
prior probability P(Y) un-conditioned on x. Similarly, P(x|Y) 
is posterior probability of x conditioned on Y. The Bayes 
theorem gives P(Y|x) = P(x|Y)P(Y)/P(x), which is useful for 
calculating the posterior probability P(Y|x) from P(Y), P(x), 
and P(x|Y). 

Logistic Regression (LR) 

 LR [96] is based on the assumption that a logistic rela-

tionship exists between the probability of class membership 

and one or more descriptors. The probability 

   

Y =
1

1+ e ( 0+ 1X1+ 2 X 2+…+ kXk )
, where X={X1, …, Xk} is 

a feature vector, Xk mathematical notation is a descriptor, 0 

is the regression model constant, 1 to k is the coefficients 

corresponding to the descriptors X1 to Xk. Y > 0.5 or Y < 0.5 

indicates that the vector X belongs to the positive or negative 

class respectively. 

 

Probabilistic Neural Network (PNN) 

 PNN is a form of neural network that uses Bayes optimal 

decision rule hici fi (x) > hjc j f j (x)  for classification [97], 

Here, hi and hj are the prior probabilities, ci and cj are the 

costs of misclassification and fi(x) and fj(x) are the probabil-

ity density function for class i and j respectively. An un-

known vector x is classified into population i if the product 

of all the three terms is greater for class i than for any other 

class j (not equal to i). In most applications, the prior prob-

abilities and costs of misclassifications are treated as being 

equal. The probability density function for each class for a 

multivariate case can be estimated by using the Parzen’s 

nonparametric estimator [98] 

g(x) =
1

n
exp(

x j xij

j

2

)
j=1

p

i=1

n

. Traditional neural net-

works such as feed-forward back-propagation neural net-

work rely on multiple parameters and network architectures 

to be optimized. In contrast, PNN only has a single adjust-

able parameter, a smoothing factor  for the radial basis 

function in the Parzen’s nonparameteric estimator. Thus the 

training process of PNN is usually orders of magnitude faster 

than those of the traditional neural networks. 

Support Vector Machine (SVM) 

 SVM is a supervised ML method based on the structural 

risk minimization principle for minimizing both training and 

generalization error [99]. There are linear and nonlinear 

SVMs with the later more extensively used in practical ap-

plications [100]. Details of SVM classification algorithms 

and their applications in chemistry can be found in the litera-

ture [100, 101]. Linear SVM constructs a hyperplane sepa-

rating two different classes of feature vectors with a maxi-

mum margin. For linear SVM with classification errors, 

there are slack variables and the conditions are different from 

the ones listed here. Nonlinear SVM projects input vectors 

into a high dimensional feature space by using a kernel func-

tion such as
   
K(x

i
,x

j
) = e

x
j

x
i

2

/ 2 2

. The linear SVM pro-

cedure is then applied to the feature vectors in this feature 

space. A given vector x can be classified by using 

  

class(x
k
) = sign(

i
y

i
x

i
i=1

m

x
k

+ b) , a positive or negative 

value indicates that the vector x belongs to the positive or 

negative class respectively. 

VIRTUAL SCREENING PERFORMANCE MEAS-
UREMENT 

 The performance of ML methods can be evaluated by the 

quantity of true positives TP (number of class +1 compounds 

classified as +1), true negatives TN (number of class -1 com-

pounds classified as -1), false positives FP (number of class 

-1 compounds classified as +1), and false negatives FN 

(number of class +1 compounds classified as -1), sensitivity 

SE=TP/(TP+FN) (accuracy for class +1 compounds), speci-

ficity SP=TN/(TN+FP) (accuracy for class -1 compounds),  
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overall accuracy Q =
TP + TN

TP + TN + FP + FN
, Matthews corre-

lation coefficient 

C =
TP *TN FN * FP

(TP + FN )(TP + FP)(TN + FN )(TN + FP)
, and 

AUROC (area under the ROC curve) respectively. The fre-

quently used measures of VS performance are yield (ratio of 

predicted known hits and all known hits in the screened li-

braries), hit rate (fraction of known hits in the predicted hits) 

and enrichment factor (magnitude of hit-rate improvement 

over random selection) [1, 2, 7, 19, 24-26], which are ex-

pressed as SE, TP/(TP+FP) and 

TP(TP+FP+TN+FN)/(TP+FP)(TP+FN) respectively. 

ASSESSMENT OF REPORTED VIRTUAL SCREEN-
ING PERFORMANCE OF MACHINE LEARNING 

METHODS 

 The reported performance of ML methods in screening 
pharmacodynamically active compounds from libraries of 
>25,000 compounds is summarized in Table 2. The screen-
ing tasks of these reported studies are primarily focused on 
the prediction of compounds that inhibit, antagonize, block, 
agonize, or activate specific therapeutic target protein [102]. 
Examples of these tasks are the prediction of COX2 inhibi-
tors for anti-inflammation [103] and anti-arthritis [104], 
thrombin inhibitors for anticoagulation [105] and the treat-
ment of other diseases [106], chemokine receptor antagonists 
for pathophysiology and autoinflammatory diseases [107], 
HIV-1 protease inhibitors for anti-HIV [108], selective pro-
tein kinase inhibitors for modulating cancer and cardiovascu-
lar diseases [109, 110], PDE5 inhibitors for erectile dysfunc-
tion and other disorders [111], and classes of antidepressant 
agents that modulate neurotransmission (such as 5HT reup-
take inhibitors, MAO inhibitors) [112]. 

 For tentative comparison, the reported performances of 
structure-based VS methods and two classes of ligand-based 
VS methods, pharmacophore and clustering, are summarized 
in Tables 3-5 respectively. ML methods have been found to 
show generally good performances. In the majority of the 
reported studies, the yields, hit rates, and enrichment factors 
of ML methods are in the range of 50%~94%, 10%~98%, 
and 30~108 respectively. In comparison, the yields, hit rates, 
and enrichment factors of the majority of the reported studies 
by other methods shown in Table 3, Tables 4 and 5 are in the 
range of 7%~95%, 1%~32%, and 5~1189 for structure-
based, 11%~76%, ~0.33%, and 3~41 for pharmacophore, 
and 20%~63%, 2%~10%, and 6~54 for clustering methods 
respectively. Therefore, the general performance of ML ap-
pears to be comparable to or in some cases better than the 
reported performances of the VS studies by using structure-
based, pharmacophore and clustering methods. 

 While exhibiting equally good yield, in screening ex-
tremely-large ( 1 million) and large (130,000~400,000) li-
braries, the currently developed ML VS tools appear to show 
lower hit-rates and, in some cases, lower enrichment factors 
than the best performing structure-based VS tools. For in-
stance, in screening extremely-large libraries, the reported 
yields, hit-rates and enrichment factors of ML VS tools are 
in the range of 55%~81%, 0.2%~0.7% and 110~795  
 

respectively [23, 32, 113], compared to those of 62%~95%, 
0.65%~35% and 20~1,200 by structure-based VS tools [24, 
25]. In screening libraries of ~98,000 compounds, the re-
ported hit-rates of some ML VS tools are comparable to 
those of structure-based VS tools, but their enrichment fac-
tors are substantially smaller. 

 The lower hit rates at equally good yields in screening 
larger libraries likely arise from higher false positive rates. 
Because the vast majority of the compounds are expected to 
be true negatives, a model that predicts more compounds as 
active tends to show lower hit rate for larger libraries. Con-
versely, a model that classifies higher percentage of com-
pounds as inactive tends to show higher hit rate for larger 
libraries. As the number of unique scaffolds generally in-
creases with the size of VS libraries [45], the higher false 
positive rates suggest that the ML VS tools developed in 
these studies may not be trained by a sufficiently diverse 
spectrum of negatives. It is not uncommon for the pharma-
ceutical industry to screen >1 million compounds per high-
throughput screening campaign [63]. Therefore, improve-
ment of hit-rate and enrichment factor is highly desirable for 
developing practically useful ML VS tools. 

 Two approaches have been explored for minimizing false 
hits. One is the selection of top-ranked hits, which has been 
extensively used in ligand-based [25, 26, 30, 31, 86, 114] 
and structure-based [10, 12-14, 115, 116] VS tools. The 
other is the elimination of unlikely hits at the pre-screening 
stage by using such filters as Lipinski’s rule of five [117] for 
drug-like compounds [11], identification of specific chemi-
cal groups or interaction patterns [10, 12, 16, 118], and 
pharmacophore recognition [13]. In addition to the applica-
tion of the two approaches, the performance of ML VS tools 
in screening large libraries may be further improved by using 
training sets of more diverse spectrum of compounds to de-
velop more optimally performing ML VS tools. These tools 
have been generated by using two-tier supervised classifica-
tion ML methods [24-26, 28-31, 119], which require training 
sets of diverse spectrum of active and inactive compounds. 
The training inactive compounds in most of the reported 
studies have been collected from a few hundred known inac-
tive compounds or/and putative inactive compounds from a 
few dozen biological target classes in MDDR database [24-
26, 28-31, 119], which may not always be sufficient to fully 
represent inactive compounds in the vast chemical space, 
thereby making it difficult to optimally minimize false hit 
prediction rate of ML models. 

 In some cases, active compounds selected from the litera-
ture for training ML algorithms are from a single chemical 
series. As a result, the set of true positives tend to over-
sample small regions of chemical space distinct from that 
covered by the set of putative inactive compounds, which 
may lead to a biased ML model that performs good in the 
overly populated regions but performs significantly worse 
elsewhere. 

ASSESSMENT OF THE FEASIBILITY FOR IMPROV-
ING HIT RATE AND ENRICHMENT FACTOR OF 
MACHINE LEARNING METHODS 

 To test the feasibility of further improving the perform-
ance of ML in screening large libraries by using training-sets  
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Table 2. Performance of Machine Learning Methods in Virtual Screening Test for Identifying Inhibitors, Agonists and Substrates 

of Proteins of Pharmaceutical Relevance 

 

Compounds Screened Compounds Selected Known Hits Selected 

Screening 

Task 
No of Com-

pounds 

No of 

Known 

Hits 

In-

cluded 

Method 

and Ref-

erence of 

Reported 

Study 

Molecular 

Descriptors 

Compounds 

in Training 

Set (No of 

Positives / 

No of Nega-

tives) 

No of Com-

pounds 

Selected 

Percentage 

of Screened 

Compounds 

Selected 

No of 

Hits 

Selected 

Yield 
Hit 

Rates 

Enrichment 

Factor 

2.5M 22 SVM [31] 
Molecular 

fingerprints 
94/200K 2,500 0.1% 18 81% 0.7% 795 

COX2  

inhibitors 
25,300 25 

SVM+ 

BKD [25] 

DRAGON 

descriptors 
125/5035 506 2% 20 80% 3.9% 39.5 

102,514 536 
BKD [30, 

86] 

Extended con-

nectivity fin-

gerprints 

100/400 5125 5% 76 14.3% 1.4% 2.7 

Pipeline pilot 100/4000 984 1% 232 43.4% 23.7% 43.1 
CKD [29] 

ECFP4 100/4000 984 1% 365 68.1% 37.2% 67.7 

COX 

 inhibitors 

98,435 536 

SVM-RBF 

[29]  
Pipeline pilot 100/4000 984 1% 240 44.7% 24.4% 44.5 

2.5M 46 SVM [31] 
Molecular 

fingerprints 
188/200K 11,250 0.45% 25 55% 0.2% 108.7 

102,514 703 
BKD [30, 

86] 

Extended con-

nectivity fin-

gerprints 

100/400 5125 5% 367 52,3% 7.1% 10.3 

Pipeline pilot 100/4000 984 1% 435 61.9% 44.4% 61.7 
CKD [29]  

ECFP4 100/4000 984 1% 603 85.8% 61.5% 85.5 

Thrombin  

inhibitors 

98,435 703 

SVM-RBF 
[29] 

Pipeline pilot 100/4000 984 1% 381 54.2% 38.9% 54.0 

SVM [26] 26 22% 1.5% 21.8 
Protease inhibi-

tors 
171,726 118 

LMNB 
[26] 

Extended con-
nectivity fin-

gerprints 
228/4200 1717 1% 

19 16% 1% 14.5 

SVM [26] 70 55% 4.1% 54.9 Chemokine 
receptor an-

tagonists 
171,560 128 LMNB 

[28, 30] 

Extended con-
nectivity fin-

gerprints 
258/4199 1716 1% 

68 53% 3.9% 52.3 

102,514 652 
BKD [30, 

86] 

Extended con-
nectivity fin-

gerprints 

100/400 5125 5% 236 36.3% 4.6% 7.2 

Pipeline pilot 100/4000 984 1% 480 56.4% 49.0% 56.3 
CKD [29] 

ECFP4 100/4000 984 1% 680 79.8% 69.4% 79.8 

5HT3 antago-
nists 

98,435 852 

SVM-RBF 
[29] 

Pipeline pilot 100/4000 984 1% 529 62.1% 54.0% 62.1 

102,514 727 
BKD [30, 

86] 

Extended con-

nectivity fin-
gerprints 

100/400 5125 5% 224 30.9% 4.3% 6.1 

Pipeline pilot 100/4000 984 1% 268 36.9% 27.3% 36.9 
CKD [29] 

ECFP4 100/4000 984 1% 426 58.6% 43.5% 58.7 

5HT1A an-

tagonists 

98,435 727 

SVM-RBF 

[29] 
Pipeline pilot 100/4000 984 1% 319 43.9% 32.6% 44.0 

102,514 259 
BKD [30, 

86] 

Extended con-
nectivity fin-

gerprints 
100/400 5125 5% 65 25% 1.2% 4.7 

Pipeline pilot 100/4000 984 1% 131 50.7% 13.4% 51.5 
CKD [29]  

ECFP4 100/4000 984 1% 194 75.6% 19.7% 75.9 

5HT reuptake 
inhibitors 

98,435 259 
SVM-RBF 

[29]  
Pipeline pilot 100/4000 984 1% 137 52.9% 14.0% 53.8 
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(Table 2) contd….. 

Compounds Screened Compounds Selected Known Hits Selected 

Screening Task 
No of  

Compounds 

No of 

Known 

Hits 

Included 

Method 

and Ref-

erence of 

Reported 

Study 

Molecular 

Descriptors 

Compounds 

in Training 

Set (No of 

Positives / No 

of Negatives) 

No of  

Compounds  

Selected 

Percentage 

of Screened  

Compounds  

Selected 

No of 

Hits 

Selected 

Yield 
Hit 

Rates 

Enrichment 

Factor 

102,514 295 
BKD [30, 

86] 

Extended con-
nectivity fin-

gerprints 

100/400 5125 5% 90 30.6% 1.7% 5.9 

Pipeline pilot 100/4000 984 1% 132 44.7% 13.5% 44.9 
CKD [29] 

ECFP4 100/4000 984 1% 219 74.4% 22.4% 74.7 

D2 antagonists 

98,435 295 

SVM-RBF 
[29] 

Pipeline pilot 100/4000 984 1% 137 46.4% 14.0% 53.8 

102,514 1030 
BKD [30, 

86] 

Extended con-
nectivity fin-

gerprints 

100/400 5125 5% 972 94.4% 18.9% 18.9 

Pipeline pilot 100/4000 984 1% 842 81.8% 86.0% 81.9 
CKD [29]  

ECFP4 100/4000 984 1% 960 93.2% 98.0% 93.3 

Rennin inhibi-
tors 

98,435 1030 

SVM-RBF 
[29] 

Pipeline pilot 100/4000 984 1% 710 68.9% 72.4% 69.0 

102,514 843 
BKD [30, 

86] 

Extended con-
nectivity fin-

gerprints 

100/400 5125 5% 776 92.1% 15.1% 18.4 

Pipeline pilot 100/4000 984 1% 393 46.6% 40.1% 46.6 
CKD [29]  

ECFP4 100/4000 984 1% 593 70.4% 60.6% 70.4 

Angiotesin II 
AT1 antago-

nists 
98,435 843 

SVM-RBF 
[29] 

Pipeline pilot 100/4000 984 1% 384 45.6% 39.2% 45.6 

102,514 1146 
BKD [30, 

86] 

Extended con-
nectivity fin-

gerprints 

100/400 5125 5% 378 33% 7.3% 6.5 

Pipeline pilot 100/4000 984 1% 705 61.5% 71.9% 61.5 
CKD [29] 

ECFP4 100/4000 984 1% 942 82.2% 96.1% 82.2 

Substance P 
antagonists 

98,435 1146 

SVM-RBF 
[29] 

Pipeline pilot 100/4000 984 1% 509 44.4% 51.9% 44.4 

102,514 650 
BKD [30, 

86] 

Extended con-
nectivity fin-

gerprints 

100/400 5125 5% 377 58% 7.3% 11.5 

Pipeline pilot 100/4000 984 1% 436 67.1% 44.5% 67.4 
CKD [29] 

ECFP4 100/4000 984 1% 574 88.3% 58.6% 88.7 

HIV protease 
inhibitors 

98,435 650 

SVM-RBF 
[29] 

Pipeline pilot 100/4000 984 1% 355 54.6% 36.2% 54.9 

102,514 353 
BKD [30, 

86] 

Extended con-
nectivity fin-

gerprints 

100/400 5125 5% 81 23.1% 1.5% 4.4 

Pipeline pilot 100/4000 984 1% 238 67.3% 24.2% 67.3 
CKD [29]  

ECFP4 100/4000 984 1% 291 82.5% 29.7% 82.5 

Protein kinase 
C inhibitors 

98,435 353 

SVM-RBF 
[29] 

Pipeline pilot 100/4000 984 1% 206 58.3% 21.0% 58.3 

MAO inhibi-
tors 

101,437 1166 BKD [24] 

Atom pairs and 
topological 

torsions APTT 

descriptors 

1166/3834 6000 5.9% 600 51.4% 10% 11.5 

Pipeline pilot 100/4000 984 1% 467 62.4% 47.4% 62.4 Muscarinic M1 
agonists 

98,435 748 CKD [29] 
ECFP4 100/4000 984 1% 597 79.8% 60.7% 79.8 
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of more diverse spectrum of inactive compounds, SVM [25-
29, 31] VS tools were developed for identifying two classes 
of compounds, one is the active compounds of a single 
mechanism, dihydrofolate reductase (DHFR) inhibitors, and 
the other is the active compounds of multiple mechanisms, 
central nervous system (CNS) active agents. DHFR inhibi-
tors are for anti-microbial [120], anti-cancer [121], and anti-
parasitic diseases [122]. CNS active agents are of diverse 
activities that produce anxiolytic, antipsychotic, antidepres-
sant, analgesic, anticonvulsant, antimigraine, antiischemic, 
antiparkinsonian, nootropic, neurologic, epileptic, neurolep-
tic, neurotropic, neuronal injury inhibiting, narcotics antago-
nizing, and CNS stimulating effects [123]. Although the se-
lection of these two compound classes is somewhat arbitrary, 
due to their diverse therapeutic applications and structural 
frameworks, they nevertheless serve as part of useful 
benchmarks for testing the performance of ML VS tools in 
screening large compound libraries. While only SVM was 
tested here, other ML methods are expected to produce simi-

lar level of performances as demonstrated by several studies 
[26, 29]. 

 These SVM VS tools were trained by using known active 
compounds and putative inactive compounds extracted from 
compound families that contain no known active compound. 
No filter was applied to the training set prior to the model 
construction. A total of 755 DHFR inhibitors were collected 
from a publication [124], and 16,182 CNS active agents 
were retrieved from MDDR database. Compound families 
can be generated by clustering distinct compounds from 
chemical databases into groups of similar structural and 
physicochemical properties [20]. There are 7,855 and 3,440 
families that contain no known DHFR inhibitor and CNS 
active agent, respectively. Thus datasets of 44,856 putative 
non-DHFR inhibitors and 20,465 putative non-CNS active 
compounds were generated by random selection of 5~6 rep-
resentative compounds from each of these families, respec-
tively. 
 

 

(Table 2) contd….. 

Compounds Screened Compounds Selected Known Hits Selected 

Screening 

Task 
No of Com-

pounds 

No of 

Known 

Hits 

In-

cluded 

Method 

and Ref-

erence of 

Reported 

Study 

Molecular 

Descriptors 

Compounds 

in Training 

Set (No of 

Positives / 

No of Nega-

tives) 

No of Com-

pounds 

Selected 

Percentage 

of Screened 

Compounds 

Selected 

No of 

Hits 

Selected 

Yield 
Hit 

Rates 

Enrichment 

Factor 

Pipeline pilot 100/4000 984 1% 604 49.9% 61.4% 49.9 NMDA recep-
tor antagonists 

98,435 1211 CKD [29] 

ECFP4 100/4000 984 1% 889 73.4% 90.3% 73.4 

Pipeline pilot 100/4000 984 1% 192 69.3% 19.5% 69.7 Nitric oxide 
synthase inhibi-

tors 

98,435 277 CKD [29] 
ECFP4 100/4000 984 1% 244 88.2% 27.3% 97.6 

Pipeline pilot 100/4000 984 1% 436 55.8% 44.3% 56.1 Aldose reduc-
tase inhibitors 

98,435 782 CKD [29] 
ECFP4 100/4000 984 1% 665 85.0% 67.6% 85.5 

Pipeline pilot 100/4000 984 1% 238 56.9% 24.2% 56.3 Reverse tran-
scriptase in-

hibitors 

98,435 419 CKD [29] 
ECFP4 100/4000 984 1% 337 80.4% 34.2% 79.6 

Pipeline pilot 100/4000 984 1% 284 68.7% 28.8% 68.6 Aromatase 
inhibitors 

98,435 413 CKD [29] 
ECFP4 100/4000 984 1% 389 94.1% 39.5% 94.0 

Pipeline pilot 100/4000 984 1% 297 49.2% 30.2% 49.5 Phospholipase 
A2 inhibitors 

98,435 604 CKD [29] 
ECFP4 100/4000 984 1% 447 74.0% 45.4% 74.5 

CDK2 inhibi-
tors 

25,300 25 
SVM+ 

BKD [25] 
DRAGON 
descriptors 

125/5035 506 2% 18 72% 3.5% 35.4 

FXa inhibitors 25,300 25 
SVM+ 

BKD [25] 
DRAGON 
descriptors 

125/5035 506 2% 21 84% 4.1% N/A 

50,000 19 
RO5+ DS 

[136] 

Pharmacophore 
and macro-

scopic descrip-
tors 

130/10K 1821 3.6% 11 57.8% 0.6% 15.8 
PDE5 inhibi-

tors 

25,300 25 
SVM+ 

BKD [25] 
DRAGON 
descriptors 

125/5035 506 2% 21 84% 4.1% 41.5 

Alpha1A AR 
antagonists 

25,300 25 
SVM+ 

BKD [25] 
DRAGON 
descriptors 

125/5035 506 2% 20 80% 3.9% 39.5 

The relevant literature references are given in the method column. 
BKD – binary kernel discrimination; CKD – Continuous kernel discrimination; DS – decision tree; LMNB – laplacian modified naive Bayesian; SVM – support vector machine; 

DRAGON – (an application for the calculation of molecular descriptors); AR – androgen receptor; PDE 5 – phosphodiesterase type 5; FXa – factor Xa; CDK2 – cyclin-dependent 

kinase 2; MAO – mono amino oxidase; HIV – human immunodeficiency virus; COX – cycloocygenase. 
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Table 3. Performance of Docking Methods in Virtual Screening Test for Identifying Inhibitors, Agonists and Substrates of Pro-

teins of Pharmaceutical Relevance 

 

Compounds Screened Compounds Selected Known Hits Selected 

Screening Task 
No of  

Compounds 

No of  

Known  

Hits  

Included 

Method and  

Reference of  

Reported  

Study 

No of Pre- 

Docking  

Selected  

Compounds  

Docking  

Cut-Off 
No of  

Compounds  

Selected 

Percentage  

of Screened  

Compounds  

Selected 

No of  

Hits  

Selected 

Yield 
Hit  

Rates 

Enrich-

ment  

Factor 

Factor Xa inhibitors 2M 630 

AUTODOCK  
+ pre-docking  

RO5 and EA  
screen [11] 

60,000 

Binding 
energy 

< -10.5 
kcal/mol 

60,000 3% 392 62% 0.65% 20 

COX2 inhibitors 1.2M 355 

DOCK+ pre- 

docking  

chemical group  
screen [10]  

13,711 

DOCK 

scores < 

-35 
959 

0.08% for 

all; 7% for 

actually 
docked  

337 95% 35.2% 

1189.2 for 

all; 13.6 

for  
actually 

docked 

Human casein kinase 

II 
400K >4 

DOCK4 + H- 

bond and hinge  

segment screen  
[16]  

<400K N/A 35 0.0087% 4 N/A 11.4% N/A 

Thyroid hormone 

receptor antagonists 
250K >14 

ICM VLS  

module  
(Molsoft) [18]  

+ pre-docking  
RO5 

190K 

Selected 

75 from 
top-100 

dock 
scores 

75 

0.03% for 

all; 0.039% 
for actually 

docked 

14 N/A 18.7% N/A 

235K >127 

DOCK3.5 +  

atom count  
(17~60) screen  

[17] 

165,581 

Top-500 

+ Top-
500 

889 0.38% 127 N/A 14.3% N/A 

PTP1B inhibitors 

141K 10 

GOLD +  

elements and  
chemical group  

screen [12] 

<141K Top-2% <2820 <2.5% 8 80% <0.28% 39.4 

BCL-2 inhibitors 206,876 >1 

DOCK3.5 +  

non-peptidic  

screen [137] 

<206,876 Top-500 35 0.017% 1 N/A 2.9% N/A 

HIV-1 protease in-

hibitors 
141K 5 

GLIDE +  

elements and  

chemical group  
screen [12] 

<141K Top-5% <7050 <5% 1 20% <0.014% 4.6 

HDM2 inhibitors 141K 14 

DOCK +  

elements and  
chemical group  

screen [12] 

<141K Top-5% <7050 <5% 4 28.6% <0.056% 5.7 

UPA inhibitors 141K 10 

GOLD +  
elements and  

chemical group  
screen [12] 

<141K Top-2% <2820 <2.5% 9 90% <0.32% 45.1 

Alpha 1A adrenergic 

receptor antagonists 
141K >38 

GOLD on  

homology  
model +  

pharma-
cophore  

screen [13] 

22,950 Top-300 300 0.21% 38 N/A N/A N/A 

141K 10 

GLIDE +  

elements and  
chemical group  

screen [12] 

<141K Top-2% <2820 <2.5% 3 30% <0.11% 15.5 

Thrombin inhibitors 

133.8K 760 
FlexX +  

Similarity [15] 
<133.8K Top-1% 1338 1% 231 29.3% 17.3% 30.5 

DOCK3.5.54  

applied to holo  
form [14] 

135K 

Top-1% 

of 50k 
docked 

1350 1% 47 25% 3.4% 27.8 

DHFR inhibitors 135K 165 
DOCK3.5.54 

applied to appo 
form [14] 

135K 

Top-1% 

of 100k 
docked 

1000 1% 16 9.7% 1.6% 13.1 
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(Table 3) contd….. 

Compounds Screened Compounds Selected Known Hits Selected 

Screening Task 
No of  

Compounds 

No of  

Known  

Hits  

Included 

Method and  

Reference of  

Reported  

Study 

No of Pre- 

Docking  

Selected  

Compounds  

Docking  

Cut-Off 
No of  

Compounds  

Selected 

Percentage  

of Screened  

Compounds  

Selected 

No of  

Hits  

Selected 

Yield 
Hit  

Rates 

Enrichment  

Factor 

Neutral endopepti-
dase inhibitors 

135K 356 
DOCK3.5.54 

[14] 
135K 

Top-1% 
of 

125.5K 

docked 

1255 0.74% 3 0.8% 0.24% ~1 

Thrombin inhibitors 135K 788 
DOCK3.5.54 

[14] 
135K 

Top-1% 
of 

121.5K 
docked 

1215 0.9% 61 7.7% 5.0% 8.6 

Thymidylate syn-
thase inhibitors 

135K 185 
DOCK3.5.54 

[14] 
135K 

Top-1% 
of 54K 

docked 

540 0.4% 49 26.5% 9.1% 66.4 

Phospholipase C 
inhibitors 

135K 25 
DOCK3.5.54 

[14] 
135K 

Top-1% 
of 123K 
docked 

1230 0.9% 5 20% 0.4% 21.6 

DOCK3.5.54 
applied to holo 

form [14] 

135K 
Top-5% 
of data-

base 

4500 3.3% 10 2.8% 0.22% ~1 

135K 356 
DOCK3.5.54 

applied to appo 
form [14] 

135K 
Top-5% 
of data-

base 

4500 3.3% 5 1.4% 0.11% <1 

Adenosine kinase 
inhibitors 

133.8K 59 
FlexX + Simi-

larity [15] 
<133.8K Top-1% 1338 1% 13 22% 0.97% 22.0 

DOCK3.5.54 
applied to holo 

form [14] 

135K 
Top-1% 
of 77K 
docked 

770 0.57% 49 7.7% 6.4% 13.6 

Acetylcholinesterase 
inhibitors  

135K 637 
DOCK3.5.54 

applied to appo 

form [14] 

135K 

Top-1% 
of 

37.5K 
docked 

375 0.28% 25 3.9% 6.7% 14.2 

HMG-CoA reductase 
inhibitors 

133.8K 1016 
FlexX + Simi-

larity [15] 
<133.8K Top-1% 1338 1% 35 3.4% 2.6% 3.4 

The relevant literature references are given in the method column. 

Table 4. Performance of Pharmacophore Methods in Virtual Screening Test for Identifying Inhibitors, Agonists and Substrates of 

Proteins of Pharmaceutical Relevance 

 

Compounds Screened Compounds Selected Known Hits Selected 

Screening  

Task No of  

Compounds 

No of 

Known  

Hits  

Included 

Method and  

Reference of  

Reported Study 

No of  

Compounds  

Selected 

Percentage of  

Screened  

Compounds  

Selected 

No of 

Hits  

Selected 

Yield 
Hit  

Rates 

Enrichment  

Factor 

3.8M 55 
Pharmacophore  

[127] 
1M 26% 39 70.1% 0.0039% 2.8 

ACE inhibitors 

3.8M 55 
Structure-based  
pharmacophore 

[128] 

91K 2.4% 6 10.9% 0.0066% 4.6 

11 -hydroxysteroid 
dehydrogenase 1 in-

hibitors 

1.77M 144 
Pharmacophore  

[21] 
20.3K 1.15% 17 11.8% 0.084% 10.3 

Rhinovirus 3C protease 
inhibitors 

380K 30 
Pharmacophore  

[22] 
6,917 1.82% 23 76.7% 0.33% 41.8 

The relevant literature references are given in the method column. 
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 The developed SVM VS tools were tested in screening 
libraries of 2.986 million compounds from the PUBCHEM 

Table 5. Performance of Clustering Methods in Virtual Screening Test for Identifying Inhibitors, Agonists and Substrates of Pro-

teins of Pharmaceutical Relevance 

 

Compounds Screened Compounds Selected Known Hits Selected 

Screening 

Task 
No of Com-

pounds 

No of 

Known 

Hits 

Included 

Method and Reference of 

Reported Study 

No of Com-

pounds 

Selected 

Percentage 

of Screened 

Com-

pounds 

Selected 

No of 

Hits 

Selected 
Yield 

Hit 

Rates 

Enrich-

ment 

Factor 

Hierachical k-means [20] 5590 1.6% 246 50.2% 4.4% 31.2 

NIPALSTREE [20] 8174 2.4% 188 38.4% 2.3% 16.2 

Hierachical k-means + 

NIPALSTREE disjunction 
[20] 

12240 3.6% 306 62.4% 2.5% 17.6 ACE inhibi-
tors 

344.5K 490 

Hierachical k-means + 

NIPALSTREE conjunction 

[20] 

1662 0.48% 128 26.1% 7.7% 54 

Hierachical k-means [20] 15322 4.4% 761 48.9% 5.0% 11 

NIPALSTREE [20] 22321 6.5% 625 40.2% 2.8% 6.16 

Hierachical k-means + 

NIPALSTREE disjunction 

[20] 

33793 9.8% 980 63.0% 2.9% 6.42 COX inhibi-
tors 

344.5K 1556 

Hierachical k-means + 

NIPALSTREE conjunction 

[20] 

3980 1.2% 406 26.1% 10.2% 22.6 

Hierachical k-means [20] 21285 6.2% 298 55.0% 1.4% 8.99 

NIPALSTREE [20] 28125 8.2% 270 49.8% 0.96% 6.14 

Hierachical k-means + 

NIPALSTREE disjunction 
[20] 

42365 12.3% 394 72.7% 0.93% 5.93 Adrenoceptor 
ligand 

344.5K 542 

Hierachical k-means + 

NIPALSTREE conjunction 
[20] 

6692 1.9% 174 32.1% 2.6% 16..3 

Hierachical k-means [20] 3750 1.1% 27 29.7% 0.72% 27..3 

NIPALSTREE [20] 3469 1.0% 17 18.7% 0.49% 18.7 

Hierachical k-means + 

NIPALSTREE disjunction 
[20] 

7317 2.1% 30 33.0% 0.41% 15.6 
Glucocorti-

coid receptor 

ligand 

344.5K 91 

Hierachical k-means + 

NIPALSTREE conjunction 

[20] 

538 0.16% 14 15.4% 2.6% 98 

Hierachical k-means [20] 10000 2.9% 110 23% 1.1% 7.97 

NIPALSTREE [20] 17143 5.0% 84 17.6% 0.49% 3.51 

Hierachical k-means + 

NIPALSTREE disjunction 

[20] 

24265 7.0% 165 34.5% 0.68% 4.86 GABA recep-
tor ligand 

344.5K 478 

Hierachical k-means + 

NIPALSTREE conjunction 

[20] 

2636 0.77% 29 6.1% 1.1% 7.77 

The relevant literature references are given in the method column. 
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database that are not in the training sets of these SVM VS 
tools. Although filters such as Lipinski’s rule of five can 
substantially improve VS performance [11], no filter was 
used here so as to objectively evaluate the true performance 
of the developed SVM models. PUBCHEM was selected as 
the testing library because it is a public source (thus conven-
ient for comparative studies by all scientists) that contains 
significantly higher number of unique compounds than other 
VS libraries [125]. Moreover, a substantial percentage of 
compounds contained in the other libraries and datasets are 
present in PUBCHEM [125]. Therefore, the levels of scaf-
fold diversity and compound representation of PUBCHEM 
appear to be reasonably high for testing VS performance. 

 As shown in Table 6, the developed SVM VS tools iden-
tify 52.4% and 66.6% of the known hits, which are compa-
rable to the range of 62%~95% by structure-based VS tools 
[10, 11] and 55%~81% by published ML and other ligand-
based VS tools [25, 28, 31] in screening libraries of 1 mil-
lion compounds, and they are also comparable to the per-
centages in screening libraries of 98,400~344,500 com-
pounds by other structure-based [7-9, 12-18] and ligand-
based [20, 22, 26, 28-31] VS tools. Moreover, these SVM 
VS tools appear to show relatively lower “false” hit identifi-
cation rate. Without the use of top-ranked cut-off or addi-
tional filter, they identified a total of 160 and 9,502 virtual 
hits, which are comparable to and in some cases smaller than 
those identified by structure-based [7-18] and other ligand-
based [20, 25, 26, 28-30, 52, 81, 126] VS tools even though 
a substantially larger number of compounds (2.983M vs 
98.4K~2.5M) were screened. By using Lipinski’s rule of five 
[117] as a filter, the numbers of identified virtual hits were 
further reduced to 115 and 8,035, suggesting that introduc-
tion of such filters or combination with other VS methods 
may enable further reduction of the number of predicted hits. 

 The hit-rates of the developed SVM VS tools are 73.8% 
and 4.7% respectively, which are comparable to those of 
0.65%~35% by structure-based VS tools [24, 25] and sub-
stantially improved against those of 0.2%~0.7% by other 

reported SVM VS tools [25, 28, 31] in screening extremely 
large libraries. These hit-rates are also greater than the ma-
jority of the hit-rates in screening large libraries of 
98,400~344,500 compounds by structure-based [7-18] and 
other ligand-based [20-22, 26, 28-31, 127, 128] VS tools. 
The enrichment factors of the developed SVM VS tools are 
10,543 and 214 for the four classes of compounds respec-
tively, which are comparable to the best performing and bet-
ter than most of the reported enrichment factors of 20~1,200 
by structure-based [24, 25] and 110~795 by other reported 
SVM [25, 28, 31] VS tools in screening extremely large li-
braries. These results suggest it is feasible to improve the 
performance of ML VS tools using training-sets of more 
diverse spectrum of inactive compounds. 

PERSPECTIVES 

 ML methods have shown promising capability in virtual 
screening of compounds of diverse ranges of structures for 
identifying compounds of a wide variety of pharmacody-
namic and other properties. In virtual screening of large li-
braries, these methods have been found to be capable of 
achieving comparable performance as other structure-based 
and ligand-based VS methods. By using training sets of more 
diverse spectrum of inactive compounds, the hit-rates and 
enrichment factors of SVM VS tools can be substantially 
improved to the level comparable to and in some cases 
higher than those of the best performing structure-based and 
ligand-based VS tools reported in the literature. 

 A key to the successful application of VS tools is the 
identification and charting of the relevant chemical space, 
which practically depends on the overall coverage of chemi-
cal-space [129, 130] and adequate representation of individ-
ual scaffolds [131]. Efforts have been directed at the devel-
opment and incorporation of chemical-space access and 
chemical-landscape analysis methods into the screening li-
braries and methods [132, 133]. For instance, geometric 
hashing method has been explored for enabling scalable par-
titioning and efficient exploration of huge chemical spaces 

Table 6. Performance of Support Vector Machines Virtual Screening Tools Developed in this Work for Identifying HIV Protease 

Inhibitors, DHFR Inhibitors, Dopamine Antagonists, and CNS Active Agents in Screening 2.986 Million Compounds 

 

Compounds Screened Virtual Hits Selected by SVM Known Hits Selected by SVM 

Screening 

Task No of  

Compounds 

No of 

Known 

Hits Not 

in  

Training 

Sets of 

SVM-

LBVS 

Tool 

Percent 

of 

Known 

Hits  

No of 

Families 

Covered 

by 

Known 

Hits 

No of 

Selected 

Virtual 

Hits 

Percent 

of  

Selected 

Virtual 

Hits Not 

in the 

Families 

Covered 

by 

Known 

Hits 

Percent of 

Screened 

Compounds 

Selected as 

Virtual Hits 

No of 

Selected 

Virtual 

Hits 

Passed 

Rule-of-

Five 

Percent 

of  

Selected 

Virtual 

Hits 

Passed 

Rule-of-

Five and 

Not in 

the 

Families 

Covered 

by 

Known 

Hits 

No of 

Known 

Hits 

Selected 

Yield 
Hit 

Rates 

Enrich-

ment  

Factor 

DHFR in-
hibitors 

2.986M 225 0.007% 60 160 71.3% 0.0054% 115 64.4% 118 52.4% 73.8% 10543 

CNS active 
agents 

2.986M 664 0.022% 519 9502 85.7% 0.32% 8035 84.1% 442 66.6% 4.7% 214 

Compound families are generated by clustering compounds on the basis of their molecular descriptors using established clustering method [20]. 



356   Combinatorial Chemistry & High Throughput Screening, 2009, Vol. 12, No. 4 Ma et al. 

by ML classification and regression methods at modest com-
puting costs [134]. 

 Because of their high computing speed and capability for 
covering highly diverse spectrum compounds, SVM and 
other ML methods can be potentially explored to develop 
useful VS tools to complement structure-based and other 
ligand-based VS tools or to be used as part of integrated VS 
tools in facilitating lead discovery [11, 15, 128]. Regression-
based ML methods can be used for quantitative prediction of 
the activity levels if the activity data are available for a suffi-
cient number of compounds with specific binding activity. 
Regression methods have the capacity for estimating the 
contribution of specific structural and physicochemical fea-
tures of the compounds to a particular activity [135]. This 
capacity may be explored for probing the mechanism of ac-
tion for a specific group of compounds that possess a par-
ticular property. 
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