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Abstract

Factor Xa (FXa) inhibitors have been explored as anticoagulants for treatment and prevention of thrombotic diseases. Molecular docking,
pharmacophore, quantitative structure—activity relationships, and support vector machines (SVM) have been used for computer prediction of FXa
inhibitors. These methods achieve promising prediction accuracies of 69-80% for FXa inhibitors and 85-99% for non-inhibitors. Prediction
performance, particularly for inhibitors, may be further improved by exploring methods applicable to more diverse range of compounds and by
using more appropriate set of molecular descriptors. We tested the capability of several machine learning methods (C4.5 decision tree, k-nearest
neighbor, probabilistic neural network, and support vector machine) by using a much more diverse set of 1098 compounds (360 inhibitors and 738
non-inhibitors) than those in other studies. A feature selection method was used for selecting molecular descriptors appropriate for distinguishing
FXa inhibitors and non-inhibitors. The prediction accuracies of these methods are 89.1-97.5% for FXa inhibitors and 92.3-98.1% for non-
inhibitors. In particular, compared to other studies, support vector machine gives a substantially improved accuracy of 94.6% for FXa non-
inhibitors and maintains a comparable accuracy of 98.1% for inhibitors, based-on a more rigorous test with more diverse range of compounds. Our

study suggests that machine learning methods such as SVM are useful for facilitating the prediction of FXa inhibitors.

© 2007 Elsevier Inc. All rights reserved.
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Thrombotic disease

1. Introduction

Factor Xa (FXa) is a serine protease involved in the blood
coagulation cascade and it plays a vital role in the regulation of
normal homeostasis and abnormal intravascular thrombus
development [1,2]. Inhibition of FXa provides effective means
for controlling blood coagulation process and thus for the
treatment of thrombotic diseases including life-threatening
stroke, deep vein thrombosis, and pulmonary embolism.
Current antithrombotic agents have certain limitations in oral
bioavailability [3] and in the requirement of individual dose
titration and periodic monitoring [4]. Therefore, there is a need
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for developing new orally active anticoagulants and intensive
efforts have been directed at the discovery of FXa inhibitors [5—
12].

As part of the effort for developing fast and low-cost tools
for facilitating the discovery of new anticoagulants, several
computational methods have been explored for predicting FXa
inhibitors. Molecular docking method has been used to find
potential inhibitors by identifying those compounds that can be
docked into the inhibitor binding site of the 3D structure of
FXa, which achieves accuracies of 80% for inhibitors and 85%
for non-inhibitors based on the test of 112 ligands [13,14]. A
pharmacophore model has been developed from the structure of
the known inhibitors with a reported inhibitor prediction
accuracy of 69% based on the test of 36 inhibitors [15]. Specific
structural and physicochemical properties of the known
inhibitors have been used to derive 3D quantitative struc-
ture—activity relationships (3D-QSAR) with a reported inhi-
bitor prediction accuracy of 84-88% based on the test of 279
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inhibitors [16]. A machine learning method, support vector
machines (SVM), has been used to classify FXa inhibitors and
non-inhibitors from the structural and physicochemical proper-
ties of compounds with reported accuracies of 80% for
inhibitors and 99% for non-inhibitors based on the test of 25
inhibitors and 200 non-inhibitors [17].

The prediction accuracies of these methods are in the range
of 69—88% for FXa inhibitors and 85-99% for non-inhibitors,
which are at a useful level for facilitating the prediction of FXa
inhibitors. Most of the prediction models have been developed
and tested by using no more than ~100 compounds that are
significantly less than the 360 known FXa inhibitors. While a
3D-QSAR model has been developed and tested by using 279
inhibitors and 156 non-inhibitors with a structure diversity
index (DI) [18] of 0.693 compared to that of 0.646 for the 360
known FXa inhibitors, the prediction performance of some of
these methods may be further improved and more adequately
tested by using a larger number of non-inhibitors as well the
360 known FXa inhibitors in the model development and
testing process. In this work, a total of 738 non-inhibitors with a
DI value of 0.474 were used for model development compared
to that of 156 non-inhibitors with a DI value of 0.712 used in the
3D-QSAR model.

SVM and other machine learning methods have been shown
to be particularly useful for predicting various pharmacody-
namic, pharmacokinetic and toxicological properties of
compounds of diverse structures [19-26]. It is of interest to
improve the performance of SVM and to explore other machine
learning methods for facilitating the prediction of FXa
inhibitors of more diverse range of structures than those in
previous studies [14,16,17]. The performance of these machine
learning methods are dependent on the use of appropriate set of

Table 1

molecular descriptors suitable for distinguishing FXa inhibitors
and non-inhibitors. Feature selection methods, such as
recursive feature elimination (RFE), have been frequently
used for extracting molecular descriptors relevant to specific
types of pharmaceutical agents [27-29]. In this work, the RFE
method was used for selecting molecular descriptors relevant to
the prediction of FXa inhibitors.

The machine learning methods used in this work are k
nearest neighbor (k-NN) [30], probabilistic neural network
(PNN) [31], C4.5 decision tree (C4.5 DT) [32] and SVM
[33,34]. A comprehensive literature search was conducted to
collect diverse set of literature-reported FXa inhibitors and non-
inhibitors. Two evaluation methods were used to objectively
assess the performance of these methods. One is five-fold cross-
validation and the other is validation by the use of an
independent validation set of known FXa inhibitors and non-
inhibitors.

2. Methods
2.1. Selection of FXa inhibitors and non-inhibitors

A total of 360 FXa inhibitors and 255 non-inhibitors were
collected from a number of published papers [6,7,13,14,17,35-
68]. The 360 inhibitors can be categorized into 22 structural
groups based on their substructure combinations [69], which
are listed in Table 1. Each inhibitor is composed of three
substructures, P1, Linker, and P4. As shown in Table 2, there
are five different subtypes for P1 (P1-1 to P1-5), eight for
Linker (L1-L8), and three for P4 (P4-1 to P4-3). Each of these
360 inhibitors can be formed by some combinations of these
subtypes in the Pl1-Linker-P4 format. Additional FXa non-

Structural groups and sub-structure compositions of the known factor Xa inhibitors

Structural group Substructure composition

No. of inhibitors

Examples of inhibitors

P1 Linker P4
Gl P1-1 L1 P4-2 32 Gong2000bmcl_9b, Guertin2002bmcl_9c, Han2000jmc_43
G2 P1-1 L1 P4-3 14 Czekaj2002bmcl_15, Czekaj2002bmcl_9b, Guertin2002bmcl_5a
G3 P1-1 L2 P4-2 60 Fevig2001bmcl_5a, Pinto2001jmc_3b, Pruitt2000bmcl_14
G4 PI1-1 L2 P4-3 35 Quan2005jmc_35, Smallheer2004bmcl_3d
G5 PI-1 L3 P4-2 8 Buckman1998bmcl_22a, Phillips2002jmc_6i
G6 P1-1 L3 P4-3 57 Ng2002bmc_5aa, Willardsen2004jmc_2
G7 P1-1 L4 P4-3 2 Shaw2002bmcl_14c, Shaw2002bmcl_15d
G8 PI1-1 L5 P4-2 5 Fevig1998bmcl_19, Fevig1998bmcl_23
G9 P1-1 L5 P4-3 1 Maduskuie1998jmc_21
Gl10 PI1-1 L6 P4-1 7 Rai2001bmc_13, Rai2001bmc_15
Gl1 P1-1 L6 P4-2 34 Choi-Sledeskil999jmc_4b, Fevig1999bmcl_30, Rai2001bmc_19
G12 P1-1 L6 P4-3 12 Becker1999bmcl_1q, Becker1999bmcl_1w, Choi-Sledeskil999jmc_20b
Gl13 PI-1 L7 P4-2 Wiley2000jmc_48, Wiley2000jmc_52
Gl4 PI1-1 L8 P4-2 1 He2000bmcl_1
Gl15 P1-2 L4 P4-2 1 Arnaiz2000bmcl_11d
Gl6 P1-2 L4 P4-3 43 Arnaiz2000bmcl_14b, Shaw2002bmcl_20c, Zhao2000bmcl_13f
Gl17 P1-2 L8 P4-1 1 Wu2002bmcl_6f
Gl18 P1-2 L8 P4-2 3 Wu2002bmcl_6b, Wu2002bmcl_6e, Wu2002bmcl_6g
G19 P1-2 L8 P4-3 17 Gabriel1998jmc_DX-9065a, Wu2002bmcl_4d
G20 P1-3 L3 P4-3 1 Buckman1998bmcl_1
G21 P1-4 L2 P4-3 1 Nazare2005jmc_45
G22 P1-5 L2 P4-3 19 Nazare2005jmc_24, Nazare2005jmc_27
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Table 2
Subtypes of the substructures of the known factor Xa inhibitors
Substructure Subtype Structural framework Sample substructures
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Table 2 (Continued)

Substructure Subtype Structural framework

Sample substructures
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inhibitors were selected from those well-studied clinical drugs
that are both known inhibitors of proteins other than FXa and
are not reported to produce anticoagulant effect. Such a method
for selecting additional non-inhibitors has been successfully
used in the prediction of inhibitors and substrates of other
proteins [17,70,71]. This method is based on the following
considerations. These well-studied drugs have been extensively
studied, monitored and clinically used. If they have not been
reported to be an inhibitor of a protein (e.g. FXa inhibitor) and
to produce the effects (e.g. anticoagulation) associated with the
inhibition of that protein, it is highly unlikely that they are
inhibitors of that protein. From this procedure, 483 additional
non-inhibitors were generated. The list of all of the FXa
inhibitors and non-inhibitors is given in Table S1 to S3 of the
supplementary material.

The 2D structure of each of the compounds were generated
by using ChemDraw [72] and were subsequently converted into
3D structure by using DS ViewerPro 5.0 [73] followed by
optimization using its ‘“‘clean structure” module. All of the
generated conformations were fully optimized without sym-
metry restrictions. The 3D structure of each compound was
manually inspected to ensure that the chirality of each chiral
agent is properly generated.

Structural diversity of these compounds can be measured by
using the DI value, which is the average value of the similarity
between pairs of compounds in a dataset [18]:

N N . .o
_ Dic Zj:l@%jsml(lv])

bl NN - 1)

where sim(i,j) is a measure of the similarity between compound
i and j and N is the number of compounds in the dataset. The
structural diversity of a dataset increases with decreasing DI
value. In this work, sim(i,j) is computed by using the Tanimoto
coefficient [74]:

)
D i1 XdiXaj

1 2 1 2 )
Dot Xat)” + D gy (Xaj)” = D4y Xaixaj

sim(i, j) =

Table 3

where [ is the number of descriptors computed for the
molecules in the dataset. Table 3 gives the DI value of the
dataset used in this work and those used in previous studies
[14,16,17]. The results in Table 3 suggest that the dataset used
in this work is slightly more diverse than one dataset and
substantially more diverse than the other datasets used in
earlier studies.

FXa inhibitors and non-inhibitors were further divided into
training and testing sets by two different methods, five-fold
cross-validation and validation by an independent evaluation
set. In the first method, the group of 360 inhibitors and 738 non-
inhibitors was each randomly divided into five subsets of
approximately equal size, respectively. Four of the subsets
were used as the training set, and the remaining subset was used
as the testing set for the inhibitors and non-inhibitors,
respectively. This process was repeated five times such that
every subset is used as the test set once. In the second method,
these compounds were divided into training and independent
validation set based on their distribution in the chemical space.
Chemical space is defined by the commonly used structural and
chemical descriptors [75]. Compounds of similar structural
and chemical features were evenly assigned into separate sets.
For those compounds without enough number of structurally
and chemically similar counterparts, they were assigned, in
order of priority, to the training and then the independent
validation set, respectively. The training set was used for
developing the prediction system and the independent
validation set was used for assessing the accuracy of the
system. The generated training and independent evaluation set
contains 715 (282 inhibitors and 433 non-inhibitors) and 383
(78 inhibitors and 305 non-inhibitors) compounds, respec-
tively.

2.2. Molecular descriptors

Molecular descriptors are quantitative representations of
structural and physicochemical features of molecules, which
have been extensively used in QSAR [5,16,76] and machine
learning methods [19-26] for predicting pharmaceutical agents

Diversity indices of several datasets used for developing and testing FXa inhibitor prediction models

Number of FXa inhibitors/non-inhibitors

Diversity index for inhibitors

Dataset

Current work 360/738
3D-QSAR model [16] 279/156
SVM classification [17] 50/200
Molecular docking [14] 133/86

0.646
0.693
0.716
0.780
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of various properties. A total of 199 molecular descriptors were
used in this work, which have been selected from more than
1000 descriptors described in the literature by eliminating those
descriptors that are obviously redundant or unrelated to the
prediction of pharmaceutical agents [21,77]. These descriptors
include 18 descriptors in the class of simple molecular
properties (such as molecular weight and number of rotatable
bonds), 28 descriptors in the class of molecular connectivity
and shape (such as molecular connectivity indices and
molecular kappa shape indices), 97 descriptors in the class
of electro-topological state (such as electro-topological state
indices), 31 descriptors in the class of quantum chemical
properties (such as atomic charges and molecular dipole
moment), and 25 descriptors in the class of geometrical
properties (such as solvent accessible surface area and
hydrophobic region). These descriptors were computed from
the 3D structure of each compound by using our own designed
molecular descriptor computing program. The remaining
redundant and unrelated descriptors were further reduced by
using feature selection methods [78-80].

2.3. Feature selection method

Feature selection methods have been introduced for the
improvement of the performance of machine learning methods
by removing redundant and irrelevant molecular descriptors
and selecting those descriptors relevant to a particular study
[81]. The RFE method [78,79] has gained popularity due to its
effectiveness for selection of molecular descriptors relevant to
drug activity analysis and prediction of inhibitors and substrates
[21,70]. Thus RFE method is used in this work, and the details
of the implementation of this method can be found in our earlier
publications [21,77].

Feature selection procedure can be demonstrated by the
following illustrative example of the development of a SVM
classification system. This system is trained by using a
Gaussian kernel function with an adjustable parameter o.
Sequential variation of o is conducted against the whole
training set to find a value that gives the best prediction
accuracy. This prediction accuracy is evaluated by means of
five-fold cross-validation. In the first step, for a fixed o, the
SVM classifier is trained by using the complete set of features
(molecular descriptors) described in the previous section. The
second step involves the computation of the ranking criterion
score DJ(i) for each feature in the current set. All of the
computed DIJ(7) is subsequently ranked in descending order.
The third step involves the removal the m features with smallest
criterion scores. In the fourth step, the SVM classification
system is re-trained by using the remaining set of features, and
the corresponding prediction accuracy is computed by means of
five-fold cross-validation. The first to fourth steps are then
repeated for other values of o. After the completion of these
procedures, the set of features and parameter o that give the best
prediction accuracy are selected.

The choice of the parameter m affects the performance of
SVM as well as the speed of feature selection. Although it is

HN, NH,

desirable to remove one feature at a time (m = 1), this

SN

[
is often difficult due to high CPU cost. It has been found that,

in some cases, removal of several features at a time (m > 1)
significantly improves computational efficiency without
losing too much accuracy [79]. Our studies on compounds
of different pharmacokinetic properties [21,77] suggested
that the accuracy of a SVM system with m =5 being only a
few percentage smaller than that with m =1, which is
consistent with the findings from other studies [78,82]. Thus,
for computational efficiency, m =5 is used in this study.

2.4. Machine learning methods

2.4.1. Support vector machine (SVM)

The theory of SVM has been extensively described in the
literature [33,34]. Thus, only a brief description is given here.
SVM is based on the structural risk minimization (SRM)
principle from statistical learning theory [33]. In linearly
separable cases, SVM constructs a hyper-plane which separates
two different classes of vectors with a maximum margin. A
vector X; is composed of the molecular descriptors of a
molecule and the two classes are FXa inhibitors class and non-
inhibitors class. The hyper-plane is constructed by finding
another vector w and a parameter b that minimizes ||w]||> and
satisfies the following conditions:
w-x;+b>+1,

fory, = +1 Class 1 (positive) (1)

w-x;+b< -1, fory,=—1 Class2 (negative) 2)
where y; is the class index, w the vector normal to the hyper-
plane, |b|/||w|| the perpendicular distance from the hyperplane
to the origin and ||w||* is the Euclidean norm of w. After the

determination of w and b, a given vector X; can be classified by
sign[(w - x) + b] (3)

In nonlinearly separable cases, SVM maps the input vectors
into a higher dimensional feature space by using a kernel
function K(x;, x;). An example of a kernel function is the
Gaussian kernel which has been extensively used in different
studies with good results [83—-85]:

K(Xiaxj) = efﬂxj'*xr'HZ/Zo2 (4)

Linear support vector machine is then applied to this feature
space and then the decision function is given by

!
f(x) = Sign( oVy,K(x,x;) + b) ®)
=1

L
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where the coefficients o) and b are determined by maximizing
the following Langrangian expression:

l

> -

i=1

N —

! l
DN ey iK(xi,x)) (6)
=1 j=1

under the following conditions:

l

o; >0 and Zaiyi =0 @)
i=1

A positive or negative value from Eq. (5) indicates that the
vector X belongs to the positive or negative class, respectively.

2.4.2. k-NN

k-NN measures the Euclidean distance between a to-be-
classified vector x and each individual vector X; in the training
set [30,86]. The Euclidean distances for the vector pairs are
calculated using the following formula:

D=/[x— x| (8)

A total of k number of vectors nearest to the vector x are used to
determine its class, f(x):

k
f(x) —argmax, cy> 8(v, £(x;)) ©)
i=1
where §(a,b) = 1 if a=b and §(a,b) =0 if a # b, argmax is the
maximum of the function, V is a finite set of vectors
{vi1,...,vs} and f(x) is an estimate of f(x). Here estimate
refers to the class of the majority of the k nearest neighbors.

2.4.3. Probabilistic neural network (PNN)
PNN is a form of neural network designed for classification
through the use of Bayes’ optimal decision rule [31]:

h,’C,‘fi(X)>hjijj(X) (10

where h; and h; are the prior probabilities, ¢; and ¢; the costs of
misclassification and f(x) and f;(x) are the probability density
function for class i and j, respectively. An unknown 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 7). In
most applications, the prior probabilities and costs of misclas-
sifications are treated as being equal. The probability density
function for each class for a univariate case can be estimated by
using the Parzen’s nonparametric estimator [87]:

| & _x;
g(x) =%ZW<X Jx ) (11)

i=1

where n is the sample size, o is a scaling parameter which
defines the width of the bell curve that surrounds each sample
point, W(d) is a weight function which has its largest value at
d =0 and (x — X;) is the distance between the unknown vector
and a vector in the training set. The Parzen’s nonparametric
estimator was later expanded by Cacoullos [88] for the multi-

variate case:

1 & x| — X1 Xp — Xpi
_ , p ~ Xpi
xp) = Y w
noy,..., 0,45 o4 o,

(12)

g, .

The Gaussian function is frequently used as the weight function
because it is well behaved, easily calculated and satisfies the
conditions required by Parzen’s estimator. Thus, the probability
density function for the multivariate case becomes

2

g(x)=%§exp<—f(’%ﬁ“> ) (13)

=

The network architectures of PNN are determined by the
number of compounds and descriptors in the training set. There
are four layers in a PNN. The input layer provides input values
to all neurons in the pattern layer and has as many neurons as
the number of descriptors in the training set. The number of
pattern neurons is determined by the total number of com-
pounds in the training set. Each pattern neuron computes a
distance measure between the input and the training case
represented by that neuron and then subjects the distance
measure to the Parzen’s nonparametric estimator. The summa-
tion layer has a neuron for each class and the neurons sum all
the pattern neurons’ output corresponding to members of that
summation neuron’s class to obtain the estimated probability
density function for that class. The single neuron in the output
layer then estimates the class of the unknown vector x by
comparing all the probability density function from the sum-
mation neurons and choosing the class with the highest prob-
ability density function.

2.4.4. C4.5 decision tree (DT)

C4.5 DT is a branch-test-based classifier [32]. A branch in a
decision tree corresponds to a group of classes and a leaf
represents a specific class. A decision node specifies a test to be
conducted on a single attribute value, with one branch and its
subsequent classes as possible outcomes of the test. C4.5 DT
uses recursive partitioning to examine every attribute of the
data and rank them according to their ability to partition the
remaining data, thereby constructing a decision tree. A vector X
is classified by starting at the root of the tree and moving
through the tree until a leaf is encountered. At each non-leaf
decision node, a test is conducted and the classification process
proceeds to the branch selected by the test. Upon reaching the
destination leaf, the class of the vector x is predicted to be that
associated with the leaf.

The algorithm is a recursive greedy heuristic that selects
descriptors for membership within the tree. Whether or not a
descriptor is included within the tree is based on the value of its
information gain. As a statistical property, information gain
measures how well the descriptor separate training cases into
subsets in which the class is homogeneous. Given that the
descriptors in this study were all continuous variables, a
threshold value had to be established within each descriptor so
that it could partition the training cases into subsets. These
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Table 4

The accuracy of FXa inhibitors and non-inhibitors derived from SVM without the use of a feature selection method (SVM) and from SVM with the use of the feature

selection method RFE (SVM + RFE) by using five-fold cross-validation

Method Cross-validation FXa inhibitors FXa non-inhibitors Q (%) C
TP FN Accuracy SE (%) TN FP Accuracy SP (%)

SVM 1 67 4 94.4 141 8 94.6 94.5 0.878
2 67 6 91.8 143 4 97.3 95.5 0.897
3 69 4 94.5 142 5 96.6 95.9 0.908
4 61 5 924 147 6 96.1 95 0.881
5 70 7 90.9 133 9 93.7 92.7 0.841
Average 92.8 95.6 94.7 0.881
S.D. 1.6 1.5 1.2 0.025

SVM + RFE 1 68 3 95.8 145 4 97.3 96.8 0.928
2 67 6 91.8 145 2 98.6 96.4 0.918
3 71 2 97.3 145 2 98.6 98.2 0.959
4 60 6 90.9 152 1 99.3 96.8 0.924
5 75 2 97.4 137 5 96.5 96.8 0.931
Average 94.6 98.1 97 0.932
S.D. 3.1 1.2 0.7 0.016

The results are given in TP (true positive), FN (false negative), TN (true negative), FP (false positive), Q (overall accuracy), C (Matthews correlation coefficient), SE
(sensitivity) is the prediction accuracy for FXa inhibitors and SP (specificity) is the prediction accuracy for non-inhibitors. Statistical significance is indicated by S.D.
(standard deviation). The number of FXa inhibitors or FXa non-inhibitors is TP + FN or TN + FP.

threshold values for each descriptor were established by rank
ordering the values within each descriptor from lowest to
highest and repeatedly calculating the information gain using
the arithmetical midpoint between all successive values within
the rank order. The midpoint value with the highest information
gain was selected as the threshold value for the descriptor. That
descriptor with the highest information gain (information being
the most useful for classification) was then selected for
inclusion in the DT. The algorithm continued to build the tree in
this manner until it accounted for all training cases. Ties
between descriptors that were equal in terms of information
gain were broken randomly [89].

2.5. Performance evaluation

As in the case of all discriminative methods [90,91], the
performance of statistical learning methods can be measured by
the quantity of true positives TP, true negatives TN, false
positives FP, false negatives FN, sensitivity SE = TP/(TP + FN)
which is the prediction accuracy for the FXa inhibitors in this
work, and specificity SP=TN/(TN + FP) which is the
prediction accuracy for the FXa non-inhibitors in this work.
The overall prediction accuracy (Q) and Matthews correlation

coefficient (C) [92] are also used to measure the prediction
accuracies and can be given by

7 TP + TN
" TP+ TN + FP + EN

0 (10)

c— TP x TN — FN x FP an
/(TP + FN)(TP + FP)(TN + FN)(TN + FP)

3. Results and discussion

3.1. Overall prediction accuracies and performance
evaluation

The effect of feature selection method RFE on the
performance of machine learning methods for predicting
FXa inhibitors can be determined by comparing the computed
accuracies of SVM with and without the use of RFE. From
Table 4, one can find that the accuracies of SVM with RFE are
94.6% for FXa inhibitors and 98.1% for non-inhibitors, which
are substantially better than those of 92.8% for FXa inhibitors
and 95.6% for non-inhibitors derived from SVM without RFE.
Similar prediction accuracies were found in two additional

Table 5

Comparison of the prediction accuracies of FXa inhibitors and non-inhibitors derived from different machine learning methods by using five-fold cross-validation in
this work

Method Parameter FXa inhibitor accuracy SE (%) FXa non-inhibitor accuracy SP (%) Overall accuracy, Q (%)
C4.5 DT 89.1 93.8 92.3

PNN 6=0.17 97.5 92.3 94.0

k-NN k=9 94.1 93.2 93.5

SVM + RFE 6=02 94.6 98.1 97.0

C4.5 DT (C4.5 decision tree), PNN (probabilistic neural network), k-NN (k nearest neighbor), SVM + RFE (support vector machine and recursive feature

elimination).
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Table 6

Comparison of the prediction accuracies of FXa inhibitors and non-inhibitors derived from different machine learning methods by using independent validation set in

this work

Method Parameter TP FN TN FP FXa inhibitor FXa non-inhibitor Overall accuracy,
accuracy SE (%) accuracy SP (%) Q (%)

C45 DT 71 7 287 18 91.0 94.1 93.5

PNN 6=03 74 4 291 14 94.9 95.4 95.3

k-NN k=9 77 1 289 16 98.7 94.8 95.6

SVM 6=1 77 1 299 6 98.7 98.0 98.2

five-fold cross-validation studies conducted by using training—
testing sets separately generated from different random number
seed parameters. This suggests that RFE is useful in selecting
the appropriate set of molecular descriptors for distinguishing
FXa inhibitors and non-inhibitors.

Table 5 gives the prediction accuracies of FXa inhibitors
and non-inhibitors derived from other three machine learning
methods k-NN, PNN and C4.5 DT by using the RFE selected
descriptors and five-fold cross-validation method. For
comparison, those from SVM are also included in Table 5.
The inhibitor prediction accuracies from the other three
methods are comparable to each other. For FXa inhibitors, the
accuracies of these methods are in the range of 89.1-97.5%
with PNN giving the best accuracy at 97.5%. For FXa
non-inhibitors, the accuracies from these methods are in the
range of 92.3-98.1% with SVM giving the best accuracy at
98.1%.

The capability of SVM and other three methods were further
evaluated by using an independent evaluation set of 78 FXa
inhibitors and 305 non-inhibitors described in Section 2.
Table 6 shows the prediction results by using this independent
set. The prediction accuracies for the FXa inhibitors are in the
range of 91.0-98.7%, which is compared to the accuracy of 69—
88% for the prediction of FXa inhibitors from earlier studies
[13—17]. For the FXa non-inhibitors the prediction accuracies
are found in the range of 94.1-98.0% which is compared to the
accuracy of 85-99% for the prediction of FXa non-inhibitors
from earlier studies [13-17].

Overall, our study suggests that statistical learning methods,
particularly SVM, are useful for facilitating the prediction of
FXa inhibitors of diverse structures. The FXa inhibitor
prediction accuracy of these methods is generally improved
and the non-inhibitor prediction accuracy is at a similar level as

Table 7

those of earlier studies in which a substantially less diverse set
of compounds have been used.

3.2. Evaluation of generalization capability of machine
learning methods

The generalization capability of the four machine learning
methods, SVM, k-NN, PNN and C4.5 DT, was evaluated by
using training and testing sets that are composed of entirely
different structural groups without any of their members
being in the other set [69]. A training set was formed by
using all of the 253 inhibitors from 10 randomly selected
structural groups G1-G7, Gl15, G16, and G21 and 375
randomly selected non-inhibitors. The corresponding testing
set is composed of all of the 107 inhibitors from the
remaining 12 structural groups G8-G14, G17-G20, and G22
and 363 non-inhibitors. This training set was used to develop
the four machine learning prediction models, and their
performance was subsequently tested by using the testing set.
The results are shown in Table 7. The prediction accuracies
for the FXa inhibitors are in the range of 57.0-74.8% with
the SVM model giving the best performance. In spite of the
exclusion in the training process of any member of the
structural groups in the testing set, machine learning
methods, particularly SVM, appear to have some capacity
for predicting inhibitors in these structural groups. This
suggests that SVM and other machine learning methods are
potentially useful for predicting novel FXa inhibitors beyond
currently known structural frameworks. The prediction
accuracies of FXa non-inhibitors are in the range of 95.0-
98.1%, which are comparable to that of 94.1-98.0% derived
from randomly assembled independent evaluation set. This
suggests that, at least for this case, the performance of

Comparison of the prediction accuracies of FXa inhibitors and non-inhibitors derived from different machine learning methods trained by using 253 inhibitors from
the G1-G7, G15, G16, and G21 structural groups and 375 randomly selected non-inhibitors

Method Parameter TP FN TN FP FXa inhibitor FXa non-inhibitor Overall accuracy,
accuracy SE (%) accuracy SP (%) Q (%)

C4.5 DT 61 46 352 11 57.0 97.0 87.9

PNN 6=0.1 72 35 345 18 67.3 95.0 88.7

k-NN k=3 79 28 347 16 73.8 95.6 90.6

SVM 6=1 80 27 356 7 74.8 98.1 92.8

The prediction accuracies were derived from the test of 107 inhibitors from the G8-G14, G17-G20, and G22 structural groups and 363 non-inhibitors.
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Molecular descriptors selected from the RFE feature selection method for classification of FXa inhibitors and non-inhibitors

Molecular descriptor

Description

Matched or partially matched molecular descriptors used in
published QSAR models

ndonr Number of H-bond donors H-bond donor [5,94,95]

*xe Simple molecular connectivity Chi indices for cluster Aromatic ring [94]

*xpc Simple molecular connectivity Chi indices for path/cluster Aromatic ring [94]

T Valence molecular connectivity Chi indices for path order 1 Aromatic ring [94]

2yY Valence molecular connectivity Chi indices for path order 2 Aromatic ring [94]

3 X Valence molecular connectivity Chi indices for cluster Aromatic ring [94]

S(1) Atom-type H Estate sum for -OH Molar refractivity of functional group [5,64,96-98]
S(2) Atom-type H Estate sum for =NH Molar refractivity of functional group [5,64,96-98]
S(12) Atom-type H Estate sum for CH n (Saturated)

S(25) Atom-type Estate sum for =C(

S(26) Atom-type Estate sum for: C:—

S(27) Atom-type Estate sum for: C::

S(30) Atom-type Estate sum for =NH Molar refractivity of functional group [5,64,96-98]
Tiwie Information Weiner

eb Hydrogen bond acceptor basicity (covalent HBAB) H-bond acceptor [5,94,95]

1P Ionization potential Electrostatic field [5,95], positive ionizable [94]

Ou Max Most positive charge on H atoms Electrostatic [5]

O Min Most negative charge on H atoms Electrostatic [5]

Mnc Mean of negative charges Electrostatic [5]

Mac Mean absolute charge Electrostatic [5]

dis2 Length vectors (longest third atom) Steric field descriptors [5,95]

Sapc Sum of solvent accessible surface areas of positively charged atoms Atomic contributions to Van der Waals surface area [102]
Sanc Sum of solvent accessible surface areas of negatively charged atoms Atomic contributions to Van der Waals surface area [102]
Rugty Molecular rugosity Steric field descriptors [5,95]

Capty Capacity factor Electrostatic field [5,95]

Hiwpb Hydrophobic intery moment Hydrophobic field [5,95], hydrophobic aromatic [94]

machine learning methods for predicting non-inhibitors are
relatively insensitive to the biased selection of training
inhibitors.

3.3. Relevance of selected molecular descriptors for
predicting FXa inhibitors

A total of 26 molecular descriptors are selected by RFE as
the most relevant for distinguishing between FXa inhibitors and
non-inhibitors, which are given in Table 8 together with the
corresponding matched or partially matched molecular features
from other studies. Many of these selected descriptors are
consistent with the reported molecular features of FXa
inhibitors. Studies of the 3D structure of FXa-inhibitor
complexes have shown that many first-generation FXa
inhibitors rely on the interaction of basic amidine with an
acidic amino acid at the binding pocket [66], and hydrogen
bonding and specific hydrophobic groups are also important for
inhibitor binding [15,66]. Molecular docking studies have
suggested that electrostatic interactions, hydrogen bonding,
hydrophobic ring structures, and steric interactions are
important for inhibitor binding to FXa [13,14,93]. Electrostatic,
hydrophobic, aromatic ring, steric, hydrogen bond donor and
acceptor, and molar refractivity terms have frequently been
used for constructing QSAR models of FXa inhibitors
[5,66,94-98].

Of the 26 RFE selected descriptors, six descriptors (Mnc,
Mac, O max> Qumins IP, Capty) are associated with electro-
static properties for mean charges, the charge of specific

hydrogens, ionization potential and concentration of polar
interactions on molecular surface, respectively. Moreover, S(1),
S(2) and S(30) describe specific polar functional groups. Sapc
and Sanc represent the sum of solvent accessible surface areas
of positively and negatively charged atoms. Two other
descriptors, ndonr and ¢b, represents the number of H-bond
donors and the basicity of H-bond acceptor, respectively. > xc,
4 Xpes 2y¥, and 3 x¢ describe simple and valence molecular
connectivity for a cluster or path of atoms, which can be used to
describe ring as well as other structures. Hiwpb describes
hydrophobic intery moment. Rugty represents molecular
rugosity that measures the ratio between the bare molecular
surface area and molecular volume. Overall, these 26
descriptors seem to be capable of collectively describe most

o)

NH

Fig. 1. The structure of misclassified FXa inhibitor, compound 29 from Nazare
et al. [66].
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Fig. 2. The structures of misclassified FXa non-inhibitors.

of the molecular features of FXa inhibitors discussed in other
studies.

There is one FXa inhibitor and six FXa non-inhibitors in
the independent evaluation set that were misclassified by
SVM, which are shown in Figs. 1 and 2, respectively. The
misclassified FXa inhibitor is compound 29 from Nazare
et al. [66], which has a relatively poor binding affinity to FXa
(Ki =9 nM) indicating that it is a week FXa inhibitor. One
possible reason for the misclassification of this compound is
that its structural features may be closer to some FXa non-
binders that those of FXa inhibitors. The use of more
extensive number of weak inhibitors in machine learning
training process may enable the further improvement of the
prediction accuracy of this and other weak inhibitors. The six
misclassified FXa non-inhibitors are compound 8 from
Shrader et al. [13], vecuronium bromide, mupirocin,

calcitonin, ergotomine, and phenylimidazole. The misclassi-
fication of vecuronium bromide, ergotamine, phenylimida-
zole, calcitonin, mupirocin may be due to the fact that these
compounds contain complex ring structures or long
chains that are inadequately represented in currently used
descriptors [99,100]. While encoding molecular shape and
flexibility features, topological descriptors may not ade-
quately describe the detailed configuration of large rigid
structure combined with a short flexible hydrophilic tail in
the molecule.

4. Conclusion
Machine learning methods such as SVM, k-NN and PNN are

potentially useful for facilitating the prediction of FXa
inhibitors of diverse structures. Current efforts are being
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directed at the improvement of the efficiency and speed of
feature selection method [82], which can further help to
optimally select molecular descriptors most relevant to specific
pharmaceutical class of agents such as FXa inhibitors.
Moreover, recent works on the introduction of weighting
function into the descriptors of statistical learning methods such
as SVM [101] may also be helpful in improving the prediction
accuracy of these methods. These may enable the development
of statistical learning methods into practical tools for the
prediction of FXa inhibitors and other pharmaceutically
relevant agents.

Appendix A. Supplementary data

Supplementary data associated with this article can be found,
in the online version, at doi:10.1016/j.jmgm.2007.03.003.
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