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Abstract: The initial stage of drug development is the hit (active) compound search from a pool of millions of com-
pounds; for this process, in silico (virtual) screening has been successfully applied. One of the problems of in silico
screening, however, is the low hit ratio in relation to the high computational cost and the long CPU time. This problem
becomes serious in structure-based in silico screening. The major reason is the low accuracy of the estimation of protein-
compound binding free energy. The problem of ligand-based in silico screening is that the conventional quantitative struc-
ture-activity relationship (QSAR) approach is not effective at predicting new hit compounds with new scaffolds. Recently,
machine-learning approaches have been applied to in silico drug screening to overcome the above problems. We review
here machine-learning approaches for both structure-based and ligand-based drug screening. Machine learning is used to
improve database enrichment in two ways, namely by improving the docking score calculated by the protein-compound
docking program and by calculating the optimal distance between the feature vectors of active and inactive compounds.
Both approaches require compounds that are known to be active with respect to the target protein. In structure-based
screening, the former approach is mainly used with a protein-compound affinity matrix. In ligand-based screening, both
the former and latter approaches are used, and the latter approach can be applied to various kinds of descriptors, such as

1D/2D descriptors/fingerprints and the affinity fingerprint given by the protein-compound affinity matrix.
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1. INTRODUCTION

In silico (virtual) drug screening has played an important
role in the initial stage of drug discovery. In silico screening
and high throughput screening experiments have provided
extensive protein-compound interaction data [1-11]. It is said
that the probability of finding a hit (active) compound
among the compounds in a random library is about 0.01% by
a random screening experiment and about 1%-10% by in
silico screening, if the in silico screening is suitably per-
formed. The success of in silico screening has been achieved
through progress in the theoretical development of protein-
compound docking programs [12-23] and compound-
similarity search programs, by the extension of a large-scale
virtual compound library, and in other ways. We review here
recent progress in machine learning applications for in silico
drug screening.

The two major approaches of in silico drug screening are
structure-based screening and ligand-based screening. Struc-
ture-based screening is based on the prediction of protein-
compound binding free energy given by a protein-compound
docking simulation for a target protein 3D structure. The
ligand-based screening is a sort of chemical compound
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similarity search based on the known active compound. The
compound information is translated into a vector of molecu-
lar descriptors. The definition of the distance between two
vectors is introduced, and then the compounds which are
close to the known active compounds are selected as candi-
date active compounds. CoOMFA generates a pharmacophore
by 3-dimensional alignment of several active compounds.
Since the pharmacophore represents the active site of the
target protein, CoOMFA is similar to both structure-base
screening and ligand-based screening [24]. The machine-
learning approach is easily applied to the vectors of descrip-
tors, and some of these methods are reviewed in this article.

Many docking programs have been developed [12-23] for
structure-based screening, although the accuracy of the bind-
ing free energy estimation remains about 2-3 kcal/mol [16,
23]. A low accuracy of the binding free energy or docking
score causes low database enrichment from in silico screen-
ing. One approach to improving database enrichment is to
improve the docking score itself [25, 26]. But the limitation
of this improvement is obvious. The free energy is a concept
from statistical physics, and it is calculated on the basis of
the partition function, which is based on a structural ensem-
ble of numerous structures at a particular temperature; on the
other hand, the docking score is calculated based on a single
protein-compound complex structure. Instead of the modifi-
cation of docking score, a combination of a docking score
with 2-dimensional descriptors was developed [27]. In the
docking process, the entropy of ligand is decreased, since
some free rotations of bonds are fixed. The number of ro-
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tatable bonds of ligand is calculated from the topology of the
ligand. Thus, it is reasonable to estimate the binding free
energy by a linear combination of a docking score and 2-
dimensional descriptors, which are calculated from the
ligand’s topology. This method is one type of QSAR meth-
ods, since the docking score is used as a ligand descriptor.

The other approach to improving database enrichment is
the application of the protein-compound affinity matrix. The
multiple-active-site correction (MASC) scoring method uses
the deviation of the docking score instead of the raw docking
score [28]. The multiple-target screening (MTS) method
compares the docking scores of many proteins for one com-
pound instead of comparing the docking scores of many
compounds for one target protein [29, 30]. If some active
compounds are known, the value of each element of the pro-
tein-compound affinity matrix is optimized to maximize the
database enrichment of the MTS method by a machine-
learning approach, denoted as machine-learning score modi-
fication MTS (MSM-MTS). We review here the MSM-MTS
method as an application of machine learning to in silico
drug screening.

Molecular descriptors and similarity measurement are
key technologies for ligand-based screening. Many types of
molecular descriptors are available, and many companies
distribute them. The protein-compound affinity matrix (af-
finity fingerprint) is a new type of descriptor [31-39]. Each
compound carries a feature vector calculated by the molecu-
lar descriptor. Machine learning is applied to the similarity
measurement of the feature vector. The problems and advan-
tages of machine learning were discussed in a previous re-
view [40]. The most widely used methods are the Kohonen
neural network (self-organizing map, SOM) [40-50], support
vector machine (SVM) [51-58], Bayesian modeling [59-61],

multi layer perceptron [62, 63], decision tree [64], and others.

Some of these methods are briefly explained in this review.

The combination of structure-based screening and ligand-
based screening is possible [65, 66]. The hit ratio achieved
by structure-based screening is not high in many cases. A
machine-learning approach is applied to extract a common
feature of the active compounds predicted by the structure-
based screening. Then a second, ligand-based screening is
performed based on the common feature of the active com-
pounds predicted by the first screening. This procedure is
reviewed in the current paper.

2. APPLICATION OF MACHINE-LEARNING AP-
PROACH TO STRUCTURE-BASED SCREENING

Kauvar et al. [67] proposed to approximate the I1Cs, value
of a compound for a target protein by a linear combination of
the 1Csq values of the compounds for other proteins,

log(IC(ai)) = Y, ¢ log(ICx(b.i)), 1)

b(b=a)

where 1Csq(a,i) is the 1C5q value of the a-th protein and the i-
th compound, and cp' is a constant. This method worked
well, but it requires a lot of experimental data. The lesson of
this method is that the 1Csq value could be approximated by
the 1Csq values of the compound vs other proteins.

Fukunishi et al. assumed that the binding free energy of
the compound vs the target protein is improved by the linear
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combination of the binding free energies vs the target protein
and other proteins [30],

$*, = X SM., )
b

where s’ s," and M,” are the modified docking score of

the a-th protein and the i-th compound, the raw docking

score of the b-th protein and the i-th compound, and the con-

stant coefficient, respectively. Since eq. 2 is an extension of

eg. 1, we could expect eq. 2 to work well too. The problem is

how to determine the coefficient M. without any experimen-
tal observation of the binding free energy.

The calculated score carries noise, and if the distribution
of the scores satisfies the Gaussian distribution, Fukunishi et
al. approximated eq. 2 as follows based on an analogy of the
error theory [30].
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where R,” is the correlation coefficient between the a-th and
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Here, € is a small number used to avoid the problem of
division by zero when the correlation coefficient is zero, and
Nc is the number of compounds. R.” is a similarity measure
between the a-th and the b-th proteins, and the similarity
among the proteins could actually be calculated based on the
protein-compound docking affinity matrix. This method is
called direct score modification (DSM).

2.1. Machine-Learning Score
Method

Eqg. 3 is an analytical form of eq. 2. In contrast, an alter-
native interpretation of eq. 2 is possible; sp' is an input vector
for a two-layer perceptron, M.’ is a coefficient representing
the network, and s™",' is an output signal. From this point of
view, M. could be determined by a machine-learning ap-
proach [30, 39]. The true value of s"™",' is unknown; another
true signal is necessary for machine learning. One useful
measure is the database enrichment achieved by s™",'. If
known active compounds are available, we can determine
s""." to maximize the database enrichment. To do so, a quan-
titative measure for database enrichment must be introduced.
Let x and f(x) be the numbers of compounds (%) selected
from the total compound library and from the database en-
richment curve, respectively. The surface area under the da-
tabase enrichment curve (q) is a measure of the database

enrichment.

Modification (MSM)

100

q= | f(x)ox (5)

0
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Higher g values correspond to better database enrich-
ment, and 0 < g < 100. For the random screening, q=50.

The optimization procedure for M ,” is as follows.

Step 1. The initial matrix M in eq. 2 is estimated by eq. 3.
The all-new docking scores calculated by eq. 8 are equal to
the original docking scores. Then, screening by the com-
bined MTS and MASC scoring method, which is the in silico
screening method described in the next section, gives the q
value by eq. 5.

Step 2. Many new matrices M are generated from a seed
matrix M using random numbers. In the first step, the seed
matrix M is the initial matrix M, which is a unit matrix. The
a-b element of the new matrix M (M"™" ) is given by M™"°
=My + 1, here, n.° is a random number and -1 < 77.° < 1.
Even if the number is digitized (17.” ={-1, 0, 1}), this proce-
dure works well.

Step 3. Using the newly generated matrix, the new dock-
ing score is calculated by eq. 2. Then screening by the com-
bined MTS and MASC scoring method gives the g value by
eq. 5. The best matrix M, which gives the highest q value, is
selected as the seed matrix for step 2.

Steps 2 and 3 are repeated until the g value shows con-
vergence. This method is called the machine learning score
modification (MSM) method.

2.2. In Silico Screening Method with the Combined MTS
and MASC Scoring Method

We combined the multiple target screening (MTYS)
method [29, 30] and the multiple active site correction
(MASC) scoring method [28] as an in silico screening
method. The MTS and the MASC scoring methods can se-
lect different compounds; thus, the combination of the re-
sults obtained by these two methods is taken as the set of
candidate hit compounds [29].

First, let us briefly explain the MTS method. We pre-
pared a set of protein pockets P={ps, p2, Ps, ... Pm}, Where p,
represents the a-th pocket. The total number of Pockets is M.
We also prepared a set of compounds X={x", X%, XV
where X' represents the i-th compound. The total number of
compounds is N. For each pocket p,, all compounds of set X
are docked to pocket p, with the score s,' between the a-th
pocket and the i-th compound. Here, s,' corresponds to the
binding free energy; a lower s,' means a higher affinity be-
tween the a-th pocket and the i-th compound.

For the i-th compound, {s;' ; a=1,...M} were sorted in
descending order, and the order n,' was assigned to each a-th
pocket depending on its value s,'. For example, when n,' = 1,
the a-th pocket binds the i-th compound with the strongest
affinity. When n,' = M, the a-th pocket binds with the weak-
est affinity. This procedure was repeated until the order {n,";
a=1,..,M|i=1,...,N} was determined for all compounds.

Next, we focused on the target a-th pocket. The com-
pounds having the order n,' = 1 were assigned to be members
of compound group 1, the compounds having n,' = 2 were
assigned to be members of compound group 2, and so on.
Among the group 1 members, the compound with the lowest
sa should be the most probable hit compound. If there are no
compounds in group 1, the compound with the lowest s,' in

group 2 should be the most probable hit compound. This
procedure is repeated until the most probable hit compound
is found.

Second, the MASC score can be explained as follows.
The MASC score s’,' for the a-th pocket and the i-th com-
pound has been reported by Vigers and Rizzi as follows [28]:

S'ia:(sl,;:l_:ui)/o-i’ (6)

where s,' is the raw docking score for the a-th pocket and the
i-th compound, and y; and o; are the average and standard
deviation of the raw docking scores across all pockets for the
i-th compound, respectively. In this method, s’,' is used for
screening instead of s;'.

Both the MTS and the MASC scoring methods were ap-
plied in this study, and the combination of the results ob-
tained by these two methods was taken as the set of candi-
date hit compounds.

2.3. MSM-MTS Method

The in silico screening method with a combined MTS
and MASC scoring method based on the score given by the
MSM method is called the MSM-MTS method [30]. A test
calculation showed that about 40% of the active compounds
were found within the first 1% of the database by the MSM-
MTS method; this value was several times higher than the
value obtained by the in silico screening method with a com-
bined MTS and MASC scoring method without using the
machine-learning approach. Considering that the MTS,
MASC, and the combined MTS and MASC methods achieve
a hit ratio that is several times higher than that of the conven-
tional single target screening method, the advantage of the
MSM-MTS method over the conventional method is obvious.
The database enrichment depends on the number of proteins
used in the protein-compound affinity matrix; the larger the
number of proteins used, the greater the database enrichment.
If a known active compound is unavailable, the in silico
screening method with the combined MTS and MASC scor-
ing method based on the score given by the DSM method
(DSM-MTS) can be used to find about 22% of the active
compounds within the first 1% of the database.

Results by structure-based in silico screening strongly
depend on not only the target structure but also the particular
protein-compound docking program that is used [68]. The
results by the MTS method also depend on the target struc-
ture. Fig. (1a, b) show the database enrichment results of
inhibitors of cyclo-oxygenase-2 (COX-2) by the MTS
method with the raw docking score and that by the MSM-
MTS method, respectively. The dataset and computational
procedure are exactly the same as those reported in a previ-
ous paper [30]. McGovern et al. [69] reported that holo (pro-
tein-ligand complex) crystal structures would give better
enrichments than apo (protein without ligand) crystal struc-
tures. This is not true in the present case; one holo structure
gave better enrichment than the corresponding apo structure
while another holo structure gave worse enrichment than the
corresponding apo structure as shown in Fig. (1a). In general,
the MSM-MTS method improved the results by the MTS
method and is robust against structural changes of target
protein as shown in Fig. (1b).
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Fig. (1). Database enrichment curves of COX-2 inhibitors. Filled
triangles, open circles, and open squares represent the results of
5cox (apo form), 4cox (holo form), and 6cox (holo form), respec-
tively. Here, 5cox, 4cox and 6cox are the PDB ID codes. (a) Re-
sults by the MTS method with the raw docking scores. (b) Results
by the MSM-MTS method.

2.4. Maximum Entropy Method and MTS Method

The docking score carries error. The maximum entropy
method suggests that the most probable model can be created
by changing the original data to maximize the informational
entropy, given the level of experimental error [70]. We as-
sumed that the calculated docking score of the a-th protein

and the i-th compound s’ is the sum of the true docking

score 5™, and the noise 7.,

Scalcia - Strueia + nla . (7)
In other words, the new docking score can be defined as
Sne/via = Sla + n; , (8)
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where s ' is the original docking score. The informational
entropy of the score is defined by

E= _2 puj Ing pij (9)

i
where p/ =5/ or p/ =(s' —s')2. Here the score must be

normalized to satisfy the relation z p/ =1.
1]

We applied this procedure to the data (the protein compound
affinity matrix) used in our previous work [23]. The informa-
tional entropy E was maximized, allowing 1% error (| 15 /s
a | <0.01), then the database enrichment was calculated by
the MTS method. The database enrichment in the first 5% of
the database was increased by 5%. The improvement is small,
but this result shows that data mining based on the protein-
compound affinity matrix is possible and that database en-
richment can be improved without the improvement of the
protein-compound docking software.

3. APPLICATION OF MACHINE-LEARNING AP-
PROACH TO LIGAND-BASED SCREENING

For the ligand-based drug screening, usually a 1D and/or
2D descriptor of the compounds, such as the mass, or the
number of rotatable bonds, or the number of hydrogen do-
nors/acceptors, is used to evaluate the similarities between
the compounds in the library and the known active com-
pounds. Many methods have been proposed for the similarity
searching of chemical compounds [71], such as the overlap-
ping of chemical structure, the CATS descriptor method de-
veloped by Schneider et al. [72], the BCUT descriptor
method [73], and others. One of the most popular methods is
to use substructures of the compounds. A number of sub-
structures or fragments (100-200 types) are provided by
some companies, and each descriptor corresponds to the
number of these substructures found in the compound.

In the CATS descriptor method, for each pair of pharma-
cophoric features (donor, acceptor, acid, base, etc.) in the
molecule, the frequency of occurrence as a function of the
number of bonds separating the features is accumulated in a
pharmacophore pair vector. The bond distances from 1 to 10
are considered over all 15 feature combinations to give a
vector size of 150. The Euclidian distance between two
pharmacophore pair vectors is used as the similarity.

BCUT is one of the most widely used descriptor methods
to evaluate the similarity of chemical compounds and the
diversity of a given library. BCUT is one of topological in-
dex methods [74] and a set of several descriptors, which are
eigenvalues of matrices. The diagonal parts of the matrices
represent the atomic charge, polarizability, hydrogen donors
and acceptors, and the off-diagonal parts of the matrices rep-
resent the structure of the compound. The protein-compound
docking score (affinity fingerprint) has come to be used as
the descriptor of the compound instead of a usual 1D or 2D
descriptor [31-39].

The docking score index is a principal component of the
affinity fingerprint [36-39]. Principal component analysis
(PCA) was applied to the protein-compound interaction ma-
trix to distinguish the active compounds of a target protein
from the negative compounds. The active compounds were
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localized in the PCA space of the compounds, which is a
finite-dimension Hilbert space, while the negative com-
pounds showed a wide distribution. In the PCA space, the
compounds in a multi-dimensional sphere whose center was
set to the average coordinates of known compounds were
selected as a focused library, the database enrichment of
which was equivalent to or better than that obtained by in
silico screening.

All of these methods assign a vector of descriptors to
each compound and evaluate the similarity between the
known active compound and the test compound. The vector
of descriptors can be eggily manipulated in neural network
theory, Bayes models, . Thus, there have been many re-
ports on ligand-based screening supported by machine learn-
ing. In this section, some reports on this topic are reviewed.

3.1. Kohonen Neural Network

The self-organizing map (SOM) or Kohonen neural net-
work is a sort of non-linear version of PCA in which high-
dimensional feature space is projected into lower dimen-
sional space; usually 2D space is adopted to visualize its
output result [40-42]. Let x, be an n-dimensional input fea-
ture vector such as Xa={X1, X2, ...Xn}. 2D SOM is composed
of an m x m lattice with a neuron (u;;) assigned to each lattice
point (i,j). Each neuron uj carries a coefficient vector w;; =
{wij1, Wijz, .... Wjjn}. When the feature X, is input, the w;; that
is the most similar to x, is selected, and it is updated to de-
crease the distance between X, and the wj;. Also, wys, which
are close to the wj;, are also updated to decrease the distance
between x, and wy. These steps are iteratively performed
until the value of w converges.

By using SOM, similar feature vectors are projected to
the neurons that are close to each other on the map. Thus, we
can find the candidate active compounds that are close to the
known active compounds on the Kohonen map. The SOM
overcomes the problems of over-fitting and over-training,
which are serious problems in primitive neural network
models. The problem in SOM is that the result depends on
the initial value of w. Since the initial value of w is given by
a random number, the Kohonen map does not converge al-
ways to the same map when starting with the same test data
set. The SOM has been used for the ligand-based screening
and profiling/classification of chemical compounds.

3.2. Support Vector Machine (SVM)

The support vector machine (SVM) is one of the most
widely used machine learning methods [50, 51]. Linear SVM
generates a hyperplane separating two different classes (in
this case, active and inactive compounds) of feature vectors
(x) with a maximum margin. Fig. (2) shows a schematic rep-
resentation of SVM. The output of SVM is given by
f(x)=sign(g(x)) where g(x)=w'x+b, w is a vector and b is a
scalar. This hyperplane is constructed by finding values of w
and b that maximize the w'w which satisfies the following
conditions: g(x) > 1 for active compounds and g(x) < -1 for
inactive compounds. In practical use, linear SVM is not so
useful, since linear SVM can be applied only when the active
and inactive compounds can be divided by a straight line
(hyperplane) in the feature (compound descriptor) space,

which is the input space, which is why nonlinear SVM is
more useful.

(x)

Output

Kernel

N

Input vector

Support vectors

Fig. (2). Schematic representation of non-linear SVM. The input
vector x and the support vectors (Xy,...Xx) are transformed by the
feature function ¢ and mapped into the high-dimensional feature
space. The dot product for feature functions ¢(x)- ¢(x;) is replaced
with a kernel function K(x;,x). Thus, the feature function ¢ does not
explicitly appear in eq. 10.

Nonlinear SVM projects feature vectors in the input
space into another high-dimensional feature space by a non-
linear projection defined by a kernel function. The output of
SVM is given by f(x)=sign(g(x)) and

9= WK (%, X) +b (10)

where K is the so-called kernel function, the suffix k repre-
sents the support vector, and m stands for the number of sup-
port vectors.

A Gaussian kernel function such as K(x;,x;)=exp(-(xi-
xj)z)/202) is popular, and in some cases, a polynomial kernel
such as K(xi,x)=(1+xx;)" is adopted. The parameters o and p
must be given by the user a priori. Then, the linear SVM is
applied to the projected feature vectors. After the determina-
tion of w and b, a given vector x can be classified by
f(x)=sign(g(x)), with positive or negative values indicating
that the vector x belongs to the active or inactive compound,
respectively.

An active learning method is used to enhance the effec-
tiveness of SVM [52]. This method iteratively selects exam-
ples (active and inactive compounds) from a pool that im-
prove g(x). In the drug discovery cycle, candidate active
compounds are selected by the SVM with an initial g(x) de-
termined by the known active compounds. Then, the true
active and true negative compounds are determined by a wet
experiment. This information is used to improve g(x), and
the next candidate compounds are selected by the improved
g(x). These steps are iteratively performed. Selecting the
examples is problematic. The obvious selection strategy is to
select the compounds with the largest positive scores (g(x)),
since they are the most likely to be active. Another strategy
is to select the compounds that are close to the hyperplane
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(i.e. where g(x) is nearly zero). Among the several strategies
proposed, the former strategy has given the best performance.

3.3. Decision Tree (DT) Method

ID3 and C4.5 are the most popular DT algorithms. C4.5
DT is a sort of binary DT [64]. The decision rules are deter-
mined to maximize the gain of information. If the compound
can be classified into 2 classes (P and N) based on its fea-
tures, and the test data set consists of p compounds of class P
and n compounds of class N, the information entropy of this
classification is

p p_n n

I(p,n)=- | |
(p.n) p+nog2p+n p+n0g2p+n

(11)

If the test data set is divided into two subsets (S; and S,)
based on a feature A, and the subset S; consists of p; com-
pounds belonging to P and n; compounds belonging to N, the
information entropy of this system is

- pl + nl + p2 + n2
E(A) = (pun) + S (pan,) (12)

Thus, the information gain by this classification based on
Ais
Gain(A)=I(p,n)-E(A) (13)

In DT, the feature A, which maximizes Gain(A), is se-
lected. DT is a combination of the classifications. A greedy
algorithm is adopted to select the features for the classifica-
tion; the first classification gives the highest gain, the second
classification gives the second highest gain, etc. In the latest
version C5.0 DT, the test data set is divided into more than
two subsets, but the basic concept is the same.

3.4. Machine-Learning Docking Score Index (ML-DSI)
Method

In the framework of the DSI method, a measure to repre-
sent the distance between two compounds is determined
based on the protein-compound affinity matrix. From the
covariance matrix of the compounds, principal component
analysis (PCA) is performed to find similar clusters of com-
pounds. This DSI method was described in detail in previous
papers [36, 39], and is briefly introduced below.

We prepare a set of pockets P={p1, p2, Ps, ... Pnr}, Where
pi represents the i-th pocket and Nr the total number of Eock-
ets, and a set of compounds X={x*, ¥*, ... X}, where x* rep-
resents the k-th compound and Nc the total number of com-
pounds. For each pocket p;, all compounds of the set X are
docked to the pocket p; with a score of s between the i-th
pocket and the k-th compound. Here, s corresponds to the
binding free energy.

The covariance matrix M” of the proteins is defined as

1 & — —
M?) =2 (8~ S)(s - s), and (14)
c k=1
- 1
S :N—ZSk, (15)
c k

where the upper bar represents an average. Let ¢; be the j-th
eigenvector of M” with an eigenvalue g, and let the order of
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& be descendant. The vector of docking scores for the k-th
compound Xi=(s:%, 555, ... sn*) is represented by the linear
combination of ¢;

Nr
X, =2.cp, . (16)
j=1

The coefficient {cjk} represents the j-th coordinate of the
PCA space of the k-th compound. In this study, we call this
coefficient {cjk} the “docking score index (DSI)”.

Candidate hit compounds are selected using the follow-
ing method. In the PCA space, compounds that are close to
the known active compounds are selected as the candidate hit
compounds. In the original version of the DSI method, the
distance from the k-th compound to the average position of
the active compounds (Dy) is defined as

D= |3 (¢-5), an

and
¢ =X ™™ IN, (18)

where ¢®™¢ and N, are the DSI values of the active com-
pounds and the total number of active compounds.

The standard deviations (o) of the DSI values were cal-
culated for each axis, and DSI values more than 5 odistant
from the origin were removed from the analysis. We adopt a
“standard Euclidian distance”; namely, the DSI values were
scaled to set the standard deviation of the distribution of
compounds of each axis to 1.

Since the selection of principal components is effective at
distinguishing particular data from others, in this study, the
suffix j runs over the selected axes {o1, 0%, ... Oselect} IN €Q.
17 [37, 39], and the next modified distance D’ is introduced.

D;:J )

j={ol,02, -aNsdect}

(cf—¢) (19)

The principal component axes are selected in the follow-
ing manner. The contribution of each principal component is
estimated using a database enrichment curve. The surface
area under the database enrichment curve q,, is evaluated for
the o~th principal component axis; namely, the suffix j in eq.
19 is set as o and Ngeet IS Set as 1, and the database enrich-
ment curve f, is calculated for the o~th axis. The g, values
are calculated by

100

q, = | £,09dx, (20)

where x and f(x) are the percentages of compounds that are
selected from the total compound library and the database
enrichment curve, respectively. A higher q, value corre-
sponds to better database enrichment, and the q, value is
always more than zero and less than 100. For the random
screening, g,=50.

The axes are sorted in descending order with respect to
the q, value. The q value given by eq. 5 is a measure of the
database enrichment in addition to g, in eq 20. The g value is
calculated by changing the number of axes (Nseect) Used in
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eq. 19 to find the optimal N value, which gives the
maximum q value.

To apply the DSI method, the known active compounds
are supposed to be available; hence, the docking score can be
modified to increase the database enrichment. If the new
docking score is given by the linear combination of the dock-
ing scores with many proteins as given by eq. 2, we can op-
timize the coefficients M ,° to maximize the g value as in the
MSM-MTS method.

The optimization procedure for M ,” is as follows.

Step 1. The initial matrix M in eq. 2 is set as a unit matrix
(M2 = 8,%). The new docking scores are equal to the origi-
nal docking scores. Then the DSI method gives the q value
by eq. 5.

Step 2. Many new matrices M are generated from the
seed matrix M using random numbers. In the first step, the
seed matrix M is the initial matrix M, which is a unit matrix.
The a-b element of the new matrix M (M"™" ,”) is given by
anwab =M, + 1% here, n° is a random number and -1 <
Na <1

Step 3. Using each newly generated matrix, the new
docking score is calculated by eq. 6. Then the DSI method
gives the q value by eq. 5. The best matrix M that gives the
highest q value is selected as the seed matrix for step 2.

Steps 2 and 3 are repeated until the g value shows con-
vergence; in this study, the number of cycles is set at 40.
This method is called the machine-learning docking score
index (ML-DSI) method. When M,” in eq. 2 is set as a unit
matrix, the method is called the factor-selection docking
score index (FS-DSI) method. Importantly, in the FS-DSI
method, the important principal component axes are selected
without machine learning.

A test calculation showed that about 70% of the active
compounds were found within the first 1% of the database
by the ML-DSI method and this value was several times
higher than that found using the in silico screening method
with the original DSI method without machine learning. The
database enrichment depends on the number of proteins used
in the protein-compound affinity matrix, just as in the MSM-
MTS method; the larger the number of proteins is, the higher
the database enrichment.

Fig. (3) shows the screening result of inhibitors of
macrophage migration inhibitory factor (MIF) by the ML-
DSl method. The data sets and computational procedure
were the same as those in a previous paper [39]. Compounds
are depicted in the ranking order by the ML-DSI method.
The known active compounds are compounds (2), (3), (4),
(5), (6), (7), and (8), which are reported in reference [1] and
are registered in the protein data bank. The newly predicted
active compounds are compounds (1), (9), (10), (11), and
(12). Screening by the ML-DSI method was successfully
performed. Namely, all the known active compounds were
found in the top 113 compounds selected out of a total of
11,212 compounds (1.0 %), and all the new active com-
pounds were found in the top 430 compounds selected out of
the total 11212 compounds (3.8 %). MIF has three binding
pockets, but MIF binds to more than three molecules of
compound (1). Thus, compound (1) is not a selective com-
pound and must be omitted from the following discussion.

Many of the known active compounds are similar to each
other. Namely, compounds (2), (3), (7), and (8) have a cou-
marin-like scaffold, and compound (6) is similar to cou-
marin. Compound (4) is similar to these known compounds.
On the contrary, the newly predicted compounds do not have
a coumarin-like scaffold. Finding new active compounds
with a new scaffold is more important than finding new ac-
tive compounds with the same scaffold. This is an example
of successful scaffold hopping (lead hopping or chemical
hopping), and such scaffold hopping is a key advantage of
using the protein compound affinity matrix (affinity finger-
print).

3.5. SVM-DSI Method

Li et al. compared the performances of SVM, k-nearest
neighbor (k-NN), probabilistic neural network (PNN) and
C4.5 decision tree (DT), and the authors found that SVM
showed the best prediction performance among them [54].

In k-NN, the distance between an unclassified vector x
and each individual vector x; in the training set is measured
[75]. The class of the majority of the k nearest neighbors is
chosen as the predicted class of x. Thus, the original DSI and
ML-DSI methods represent some of the simplest versions of
k-NN.

We applied SVM to the DSI method. At first, the ML-
DSI method was applied. Each compound carries the vector
of modified DSI. The averaged position (Pa) of the known
active compounds was calculated and the averaged distance
(Ra) from Pa to the active compounds was also calculated.
The distance (D) is the distance between each compound and
Pa. The compounds that satisfied 1.5 Ra < D < 3 Ra were
selected as inactive compounds. SVM with a Gaussian ker-
nel was applied by using these active and inactive com-
pounds. The q value of eq. 5 was calculated by changing the
o value of the Gaussian kernel from 40 to 70 to find the op-
timal o, Which gave the highest g value. For each target,
the oo, value was calculated automatically. Finally, SVM
with the o, Was applied after the ML-DSI, where the com-
pounds were sorted in descending order of their g(x) values
instead of the D’ values determined using eq. 19. Thus, the b
value of eq. 10 is not necessarily in this method. We call this
procedure the SVM-DSI method.

We applied the SVM-DSI method to the same data used
in our previous work [39]. Fig. (4) shows the database en-
richment results obtained by the ML-DSI and SVM-DSI
methods. The protein sets used for the protein-compound
affinity matrix were the protein sets A, B, C, D and E re-
ported in the previous work [39], and these sets consist of
180, 123, 93, 63, and 24 proteins, respectively. The results
obtained by the ML-DSI method were slightly better than
those obtained by the SVM-DSI method in every case how-
ever Fig. (4) shows only the results for the protein sets A and
E. Even if the selection rule was changed, and the com-
pounds that satisfied 2 Ra < D < 4 Ra were selected as inac-
tive compounds, this trend did not change.

This result showed that SVM is not the best method in
some cases. In some cases, another method can give a better
result than that obtained by SVM. We must choose the most
suitable method for the given feature vector.
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Fig. (4). Averaged database enrichment curves of 14 target proteins
using an affinity matrix of 180 proteins (protein set A) and 24 pro-
teins (protein set E) [38]. Filled circles, open circles, filled dia-
monds and open triangles represent the averaged database enrich-
ments obtained by the ML-DSI method with protein set A, the
SVM-DSI method with protein set A, the ML-DSI method with
protein set E and the SVM-DSI method with protein set E, respec-
tively.

4. APPLICATION OF MACHINE-LEARNING AP-
PROACH TO COMBINATION OF STRUCTURE-
BASED SCREENING AND LIGAND-BASED SCREEN-
ING

Klon et al. proposed a combination of structure-based
screening and ligand-based screening [65, 66]. The target
protein was HIV-1 protease, the active compounds were 424
small chemical compounds and 175 peptide inhibitors, and
179805 compounds were used as the candidate inactive
compounds. At first, conventional structure-based screening
was performed by a protein-compound docking program,
such as Glide, FlexX [13] or GOLD [14]. These three pro-
grams succeeded in finding both the small chemical active
compounds and the peptide inhibitors. The top-ranked com-
pounds found by the structure-based screening were desig-
nated as candidate active compounds, while all other com-
pounds were designated as candidate inactive compounds.
Then fingerprints were calculated for all compounds in the
database. A Bayesian model was trained using the finger-
prints from the candidate active and inactive compounds.
Finally, all of the compounds were re-ranked according to
the Bayesian model.

A Bayesian model is a statistical model based on the
Bayes rule of conditional probability [59-61]

P(active)

P(active| feature) = P(feature| active) .
P( feature)

(21)

P(active|feature) is the probability that the compound
will be active when the compound has the feature.
P(feature|active) is the probability that the compound will
have the feature when the compound is active. P(active) is
the probability that a given compound in the database will be
active, P(feature) is the probability that a given feature will
occur in the database. Usually, the feature is a vector of

many descriptors. If the descriptors are independent (naive
Bayesian model), P(active|feature) is given by

P(active| feature) = P( feature, | active)P( feature, | active)
P(active) (22)

---P(feature, | active
(feature, | IV)P(fesature)

where featurey, feature,, ... feature, are the descriptors of the
feature vector.

If a test set of active and inactive compounds is given and
the features of these compounds are calculated,
P(active|feature) can be calculated. Once P(active|feature) is
given, an unclassified compound can be easily classified by
calculating its feature.

With several hundred features incorporated into the Bay-
esian model, this procedure drastically improved the data-
base enrichment. When Glide was used, the percentages of
active compounds found in the top 2% of the database were
82-93% by the conventional structure-based screening and
99% by this procedure. When FlexX was used, these per-
centages were determined to be 29-38% by the conventional
structure-based screening and 70-77% by this procedure [13].
When GOLD was used, these percentages were found to be
23-87% by the conventional structure-based screening and
96-100% by this procedure [14]. While the enrichment de-
pends on the type of docking program used and the type of
active compounds (small chemical compounds or peptide
inhibitors) this combination procedure worked well in all
cases.

This procedure could be applied to other screening meth-
ods, such as the MSM-MTS, SVM, and ML-DSI methods.

Another naive combination of structure-based screening
and ligand-based screening is the simple union of the com-
pounds selected by the structure-based and ligand-based
screenings. The candidate active compounds found by struc-
ture-based screening are rich in variety and the hit ratio is
low, while those found by ligand-based screening are poor in
variety with a high hit ratio. Thus, we took the union of those
predicted compounds. We applied the MSM-MTS and ML-
DSl methods to TNF-alpha converting enzyme (TACE)
(Tsujishita, H. personal communication 2007). For TACE,
six protein-compound complex structures are reported in
PDB the ligands of these complex structures were adopted as
the active compounds. Previously, a random screening and
conventional structure-based screenings by DOCK [12] and
Glide were performed. Seven active compounds were found
by the random screening of 76,000 compounds. In a prelimi-
nary screening test with the known active compounds, no
known active compound was predicted by DOCK. Six hun-
dred sixty candidate active compounds were predicted by
Glide among a library of 400,000 compounds, but there was
no true active compound. About 900 candidate active com-
pounds were selected by the combination method of MSM-
MTS and ML-DSI among 1,000,000 compounds compiled
by myPresto (http://presto.protein.osaka-u.ac.jp/myPresto/
index_e.html) [23, 30, 39, 76], and 38 true active compounds
were found for a hit ratio of 4.2%. Compared to the random
screening, the enrichment factor obtained by the combination
method was about 500. The naive combination method is
simple, but it can be useful.
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5. APPLICATION OF DSI/ML-DSI METHODS TO
COMBINATORIAL CHEMISTRY

Fujita et al. applied the FS-DSI method to drug screening
for vasopressin 1b (V1b) receptor (Orita M.; Kanai C.; Fujita
S. personal communication 2007). For VV1b, only one active
compound (Sanofi: SSR-149415) has been reported recently.
V1b is a G-protein coupled receptor whose 3D structure is
unknown thus the 3D model was constructed based on the
3D structure of bovine rhodopsin (PDB code: 1F88) by ho-
mology modeling. Conventional structure-based screening
was performed using DOCK [12] and 33 active compounds
were found among the 15,000 compounds selected by
DOCK. Six active compounds (compounds (1b), (2b), (3b),
(4b), (5b) and (6b) out of these 33 compounds (ICs < 20
uM) were selected as scaffolds for the following combinato-
rial synthesis. The numbers of synthesized compounds for
these six scaffolds and the number of active compounds are
summarized in Table 1. These synthesized compound librar-
ies were evaluated by the DSI method. The distributions of
the synthesized libraries based on compounds (5b) and (6b)
were close to SSR-149415 in the PCA compound space, and
2 and 13 active compounds (ICsq < 20 uM) were newly
found based on compounds (5b) and (6b), respectively. In
contrast, those based on compounds (1b), (2b), (3b) and (4b)
were far from the known active compounds in the PCA
compound space, and zero active compounds were found
among these libraries. Three hundred twenty-six compounds
were generated from compound (5b) by further combinato-
rial synthesis, but there was no active compound. Further-
more, a virtual library of 756 compounds was generated
from compound (6b) by combinatorial synthesis, and then 84
compounds that were close to the known active compounds
were selected by the FS-DSI method. Among these 84 com-
pounds, three new active compounds were found.

Fig. (5) shows the PCA compound space calculated by a
kind of FS-DSI method. The active compounds are localized
in the PCA space. The compounds generated by the combi-
natorial chemistry based on compound (6b) are also local-
ized and are close to the known active compounds. This
study shows that the sub-library generated by combinatorial
chemistry could be evaluated by the DSI/FS-DSI methods
before the actual experiment. The virtual combinatorial li-
brary can be generated by the VCOL program of myPresto
suite [23, 76].

Table 1. The Results Obtained by Combinatorial Synthesis

PC2
=)
o

-4 -3 -2 -1 0 1 2 3 4
PC1

Fig. (5). PCA results of active and inactive compounds for V1b
receptor. The open circle, filled triangles, open squares, crosses and
dots represent SSR-149415, active compounds found by DOCK,
active compounds found by a combinatorial synthesis, inactive
compounds found by a combinatorial synthesis and inactive com-
pounds found by a random screening, respectively. The compounds
generated by the combinatorial synthesis are based on compound 6
and only the active compounds with 1Cso < 10 uM are depicted.

6. CONCLUSION

The machine-learning approach has been used in both
structure-based drug screening and ligand-based drug screen-
ing.

In structure-based drug screening, the MSM-MTS
method was reviewed. The MTS method is based on the pro-
tein-compound affinity matrix, whose element is a docking
score calculated by protein-compound docking software. The
MTS method is a sort of target profiling of compounds.
When the target of a compound is equal to the target protein
in question, the compound is selected as a candidate hit
compound of the target protein. In the MTS method, the new
docking score is given by a linear combination of other
docking scores, and the machine-learning approach deter-
mines the optimal coefficients of the linear combination,
which gives the maximum database enrichment. The

Compound (Scaffold) First Combinatorial Synthesis Second Combinatorial Synthesis
No of Synthesized Compounds DSl No of Hits | No of Synthesized Compounds DSl No of Hits
1b 117 far® 0 - - -
2b 175 far® 0 - - -
3b 168 far® 0 - - -
4b 175 far® 0 - - -
5b 360 close” 2 326 - 0
6b 99 close” 13 84 close” 3

a: The distribution of the synthesized compounds is far from the distribution of the known active compounds in the PCA compound space when determined by the FS-DSI method.
b: The distribution of the synthesized compounds is close to the distribution of the known active compounds in the PCA compound space when determined by the FS-DSI method.
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meaning of the linear combination can be explained by error
theory.

Machine learning is mainly applied to ligand-based drug
screening and it is applied to the calculation of the optimal
distance between the feature vectors of active and inactive
compounds. One of the applications is score modification
just as in the MSM-MTS method. The other popular methods
are SVM and Bayesian modeling. The advantages of these
methods depend on the type of feature vector, and their ef-
fectiveness is evaluated in the test calculation for practical
use. Thus we cannot say which method is the best among the
available methods, a priori.

The combination of structure-based screening and ligand-
based screening should be useful. The training set for ma-
chine-learning ligand-based screening is composed of the
candidate active compounds predicted by the structure-based
screening. Then, the machine-learning ligand-based screen-
ing selects the final candidate active compounds out of the
compound library. Usually, the machine-learning approach
requires known active compounds. On the contrary, in this
procedure, known active compounds are not necessary.

The machine-learning approach can be applied to various
stages of structure-based screening and ligand-based screen-
ing, and many theoretical techniques should be combined to
increase the database enrichment.
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