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I. Introduction

The similarity concept is very important in chemistry. Its essence
can be expressed as follows: similar objects possess similar proper-
ties. The term `similarity' is widely used when comparing different
chemical objects (atoms, molecules, etc.) and reactions, chemical
databases, molecular properties and so on. The popularity of the
term `similarity' in chemical literature is steadily increasing. Thus
the number of abstracts in the Chemical Abstracts using the term
`similarity' has increased over 25 years from 233 (1967 ± 1971) up
to 1697 (from 1987 to the first half of 1992).1 International
conferences and workshops dealing with various aspects of the
similarity concept in chemistry are being held (see, for exam-
ple,2, 3); a number of books and reviews on this subject have been
published.2, 4 ± 16 Commercial computer programmes based on the
similarity methods of analysis have been developed.17 ± 19

The similarity concept in chemistry has a long-standing
history and numerous interpretations. It is a scientific idea which
is rather intuitive and is difficult to be clearly defined or formal-
ised.20, 21 However, formalisation of the main chemical terms and
development of their quantitative description are required due to
fast computerisation of the chemical studies, availability of
enormous amounts of data on the structures, properties and
chemical reactions, rapid development of mathematical chem-
istry, computer chemistry, combinatorial chemistry andmedicinal
chemistry. These main chemical terms include, in particular, the
terms `molecular structure', `molecular similarity' and `similarity
of chemical reactions'.

The similarity concept is used for the solution of the following
problems in chemistry:

Ð prediction of the physicochemical properties and biolog-
ical activity of chemical compounds;22 ± 33

Ð classification and ordering of data in chemical information
databases (like the Beilstein's Handbook of Organic Chemistry);34

Ð planning of chemical experiments and the reactivity
theory;35 ± 40

Ð search for biologically active analogues in chemical data-
bases in order to optimise the structures of already known active
compounds;41 ± 51

Ð clusterisation of databases and creation of representative
subsets of compounds for further screening;16, 52 ± 59

Ð creation of databases with the highest structural variety for
further search for new key compounds.18, 60, 61

The present review discusses the concept of molecular simil-
arity and the methods for predicting chemical properties based on
this concept.

The so-called statistical approach is used most widely for
determination of quantitative relationships between the structure
and activity/property of compounds (QSAR/QSPR analy-
sis).62 ± 64 Some limitations of this technique have induced the
development of a method based upon the similarity concept.
Successful realisation of the statistical method requires a training
set of compounds with known values of the studied property. The
structures of studied compounds are described by a set of some
molecular descriptors x1 , ... ,xN (topological, geometrical, elec-
tronic) and then the following equation can be written

y= f (x1 , ... ,xN),

where f is a function ofN variables, y is a property value. Usually
the type of function f (for example, linear, quadratic, etc.) is
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specified in advance and depends on a series of fitting parameters,
which are determined using the training subset of compounds. The
linear function f is the most frequently used one. The obtained
equation is called a linear regression model. In order to calculate
the properties of new compounds on the basis of this model,
initially the values of the descriptors x1 , ... ,xN are calculated for
the target compounds and then the value of the property y itself is
calculated using the equation y= f (x1 , ... ,xN).

However, another approach to predicting the properties of
compounds also exists. It is based upon the following hypothesis:
`similar' structures possess `similar' properties.13, 29, 65 In order to
estimate the property of a compound, another compound, `sim-
ilar' (in some sense) to the studied one but with known value of
this property, has to be found in a dataset. Then it is assumed that
the target properties of these compounds are the same (or just
slightly different). The averaging of the properties of several
`nearest neighbours' is also possible. Some mathematical objects
m1 and m2 (for example vectors, sequences, graphs, etc.) are
assigned to the molecules M1 and M2 in order to make a
quantitative comparison of their similarity. Then a scalar function
d(m1,m2) defined for the whole set of the objects is introduced.
Calculating the values of this function for the pairs `fixed
compound M1 ± every other compound of the set' one can find
the compound most similar to M1 according to the measure
d(m1,m2).

There is a variety of methods for the description of molecular
structures in mathematical terms. For each of them, in turn, a
number of similarity may be defined. Thus, the similarity meas-
ures of molecules depend upon the method of their mathematical
representation and on the selection of similarity criterion. It has to
be noted that there is no universal similarity criterion, equally
suitable for all properties and any class of compounds. Both the
method of the description of compounds and the similarity
criterion have to be specially selected for each individual problem.
The result of a search for a `similar' structure also depends on the
dataset of compounds, through which the search is carried out.

While comparing the two above approaches to the modelling
of structure ± property relationships, one may notice that: (i) the
latter provides more flexibility in the description of a molecular
structure because molecules can be described not only by vectors
ofmolecular descriptors (x1 , ... ,xN) but also by graphs, sequences
of symbols, sets, etc. Moreover, the number N of vectors
(x1 , ... ,xN) used in the former approach is usually not greater
than the number of compounds in a dataset, while in the latter
method, the value ofN is unlimited. (ii) In the former method, the
model takes into account the properties of all compounds of the
training set; therefore, the value of a property of a new compound
depends upon all the compounds, while in the latter method, this
value depends only on the properties of a `similar' compound.
Both methods also have obvious shortcomings: in each case, there
is a problem of adequate description of the molecular structure
and of correct choice of the functions f and d (m1,m2).

A huge number of papers based on the concept of molecular
similarity have transformed this area into a new branch of
theoretical chemistry. Analysis of these papers reveals that they
differ by one or several of following points: (i) the studied subset of
compounds; (ii) the studied properties; (iii) the method used for
mathematical description of chemical structures; (iv) the quanti-
tative criteria of molecular similarity; (v) the methods used to
estimate the properties of compounds on the basis of the selected
similarity criteria. The positions iii ± v are the most methodolog-
ically interesting.

The aim of the present review is to discuss themost widespread
methods of description and comparison of molecular structures
and also the methods for prediction of properties of the chemical
compounds based on the concept of molecular similarity. Some
attention is also paid to the validity of the postulate `similar
structures possess similar properties' and to the possible ways of
its formalisation. Besides, a series of examples illustrating the

advantages and shortcomings of these methods are given and
related problems are discussed.

II. Interpretation of the `molecular similarity' term
in chemistry

The term `molecular similarity' is used in chemistry in a very broad
meaning, because molecules may be characterised by a number of
structural and physicochemical properties and may exhibit vari-
ous biological activities. The areas of chemistry that used the
molecular (or atomic) similarity concept in some form are
summarised in a paper.66 In particular, the definitions of such
fundamental chemical terms as isomerism, stereoisomerism,
homology, periodicity of properties of the chemical elements,
etc., are based upon the similarity of some molecular (or atomic)
properties.

Some examples of modern usage of the term `molecular
similarity' are given below.

1. Classification of the organic compounds is based mainly
upon the classical theory of chemical structure. The similarity of
the chemical structures of molecules means some resemblance in
the corresponding structural formulae and usually results in
relatively small variations of some physicochemical properties
and in similar methods of synthesis. However, it is obvious that
there is no uniqueway for evaluation ofmolecular similarity based
solely upon the structural formulae of molecules.

2. The molecules that possess identical skeleton and differ
only by heteroatoms (for instance pyrrole and thiophene, benzene
and pyridine) may be regarded as structurally related ones.

3. The members of homological series {for example,
CH37(CH2)n7CH3 , R1 [7CH=CH7]nR

2} are also regarded as
structurally related molecules. The physicochemical properties of
the molecules in such series are usually linear functions of n.

4. The ability of atomic groups to form chemical bonds is
described by analogy principle proposed by Hoffmann.67 The
valence properties of chemical groups are determined by their
frontier molecular orbitals (FMO), namely by their number,
symmetry, shape and energy. Two chemical groups are called
isolobal if the number and symmetry of their FMO are identical
and the shape and energy of these FMO `are reasonably close'.
The principle of isolobal analogy states that isolobal groups are
mutually replaceable in chemical compounds regardless of the
type of atoms in them. This principle links the valence theory of
classical organic chemistry with the chemistry of organoelement
compounds and provides a possibility of a unified explanation of
the structural variety of chemical compounds and of the similarity
of their properties.

The given examples illustrate the fundamental character of the
chemical similarity concept. However, the very same definition of
the term `similarity' is ambiguous and, usually, intuitive.13, 68 The
prediction of physicochemical properties or biological activity of
compounds on the basis of the postulate `similar structures
possess similar properties' is one of the most important areas of
the similarity concept application. However, the postulate is not
always valid in the case of visual comparison of the structural
formulae. For example, in the series of close analogues (noradre-
naline, adrenaline, isoproterenol), the a-adrenergic activity
decreases, but the b-adrenergic activity increases. Moreover, the
replacement of the phenolic hydroxy groups of isoproterenol by
chlorine atoms converts this agonist of b-adrenergic receptors into
an antagonist, dichloroisoproterenol.69
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Yet another example is the poison muscarine, isolated from
toadstools, and acetylcholine, which is produced in the human
and animal bodies and takes part in the transfer of nerve
impulses.70

The structures of these compounds are similar and both of
them affect the human cholinergic systems.

Sometimes, structurally similar compounds exhibit different
types of biological activity. Thus, compound 1 is antihistamine,
compound 2 is neuroleptic (antagonist of the dopamine receptors)
and compound 3 is antidepressant.71

At the same time structurally different compounds may
exhibit identical biological activity, as denbufylline and rolipram
do, which both are phosphodiesterase inhibitors.

The electrostatic potential of a molecule may be used for the
description of similarity degree of these compounds.69, 71

These examples illustrate that in addition to the visual analysis
of structural similarity, other methods of the molecular structure
description are required and new approaches to determination of
the molecular similarity degree have to be developed.

III. Graph theory representation of molecules and
descriptions of molecular structures based thereon

1. Molecular graphs
According to the modern views, the molecular structure may be
described at various levels of complexity. The simplest way of
description is the molecular formula. The next step of complexity
is the classical structural formula. Further steps include building
of 3D molecular models and calculation of quantum-mechanical
parameters.

However, there is yet another way of mathematical descrip-
tion of a molecular structure. A labelled molecular graph may
represent a molecule. The vertices and edges of the graph will
correspond to the atoms and bonds of a molecule and the labels of
vertices and edges (numerical or alphabetical) mark the chemi-
cally different atoms and bonds. In fact, the classical structural
formula is a particular type of labelled molecular graph, where the
chemical symbols of corresponding atoms are used as the labels of
the vertices and the edge labels correspond to bond orders.
Generally, any atomic parameters (atomic charge, polarisability,
atomic weight, atomic radius, etc.) may be used as vertex labels.
Similarly, any bond parameters (bond length, bond order,

obtained from the quantum-chemical calculations, etc.29, 72) may
be used as edge labels. For example, so-called be-matrices (bond
and electron matrices) have been proposed.73 Their non-diagonal
elements are equal to the bond orders and the diagonal elements,
to the number of valence electrons of the corresponding atoms
non-involved in bonding. A disconnected graph, i.e., a graph
which consists only of isolated labelled vertices without edges,
formally corresponds to a molecular formula.

It is also possible to create complete molecular graphs where
each pair of vertices is linked by an edge. In this case, a label (or
weight) is assigned also to each pair of non-bonded atoms. The
topological (or geometrical) distance between these two vertices
may be used as such a label. In the latter case, the graph will
correspond to the well-known matrix of geometrical distances.

Let us assume that the spatial coordinates of the atoms are
known. In this case, one can construct a graph comprising isolated
vertices labelled with sequences of three numbers, namely, the
atom coordinates. A physicochemical parameter of the corre-
sponding atom can be used as a label for a graph vertex.

Thus, according to the choice of labels, the molecular graphs
may be grouped into three major types: calculated on the basis of
the structure of the graph itself, taken from literature (for
example, the standard physicochemical properties of atoms and
bonds) or obtained experimentally (for example, determined by
the X-ray crystallography). The combination of these methods is
also possible.

In some cases, so-called `simple' molecular graphs are used.
The vertices of these graphs are represented by dots and edges are
represented by line segments. Although a simple graph does not
have obvious labels, it is assumed that labels of the vertices are
equal to zero. If the atoms are chemically bonded, the correspond-
ing edge is labelled by 1, while for nonbonded atoms the edge label
is equal to zero. Such graphs are usually used to represent
hydrocarbons structures.

2. Descriptions of molecular structures based on their
theoretical graph representations
A labelled graph is determined by its topological matrix

A=(aij),

where aii is the label of vertex i, aij is the label of a pair of vertices
(i, j ). (In the case of a simple graph, matrix A is usually called an
adjacency matrix.) Obviously, the change of the vertex numbering
scheme results, generally speaking, in a different matrix. This is a
significant disadvantage of the chemical structure description in
matrix terms. This problem leads to the concept of `graph
invariant'. A graph invariant is a number (or a function if the
graph labels are symbols) calculated from graph matrix A, which
does not depend on the vertex numbering scheme. In theoretical
chemistry the invariants of simple graphs are usually called
topological indices (TI). Quite often, this definition is also used
for invariants of labelled graphs, which can represent not only the
topology, but also the elements of electronic or spatial structure.
Invariants of any subgraph of a graph can be determined by a
similar way. They are called local TI. Topological indices are
widely used in theoretical organic chemistry for quantitative
characterisation of the molecular structure in a search for struc-
ture ± property correlations, in the computer-aided synthesis and
in creation and analysis of structure ± property databases. The
most well-known TI and their applications in chemistry are
described in the reviews.63, 64, 74 ± 76 The simplicity of calculations
of TI, the possibility to take into account the electronic and spatial
features of the structures and also numerous examples of success-
ful property ±TI correlations are the reasons for the popularity of
this method of molecular structure description. At the same time,
this approach has an obvious disadvantage: it does not differ-
entiate between molecular configurations (e.g. stereoisomers) and
does not take into account their conformational features.

Some examples of the most common named TI are given
below.63, 64
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The RandicÂ index w is defined according to the following
formula

w=
Xÿ

ninj
�
71/2,

where ni and nj are the degrees of graph vertices i and j and the sum
is taken for all the graph edges. The index w has been generalised
by Kier and Hall, who introduced the definition of m-order
connectivity indices.

mwn=
Xÿ

di dj dk ...
�
71/2, m5 1, di �

Z n
i ÿ hi

Zi ÿ Z n
i ÿ 1

,

where Zi is a total number of electrons, Z n
i is a number of valence

electrons of atom i (corresponding to vertex i ); hi is a number of
hydrogen atoms bonded to atom i ; the summation takes place
along all the chains which consist of m graph edges; i, j, k are the
numbers of vertices forming the chain.

The Wiener index W is defined as a sum over all pairs of
vertices

W=0.5
X

dij ,

where dij is the shortest distance between vertices i and j. Matrix
D=(dij) is called the matrix of topological distances of the graph.

The Hosoya index Z is defined as

Z=
X

pk ,

where pk is a number of ways to choose k nonadjacent edges
(k5 1) in a graph.

The Balaban index B [for acyclic graphs (trees)] is defined
according to the following formula

B �
X

r2i ,

where ri is a number of the tree vertices cut out at step i of the `tree
pruning' procedure. This procedure consists of consecutive
removal of the 1st degree vertices of the initial tree and the edges
incident to them.

During the construction of informational topological indi-
ces,77 a set of fragments (for example, a set of graph vertices) is
selected and split into a number of equivalent classes according to
some feature (for example, according to the first coordination
type). Let assume that n is a number of graph vertices, ni is a
number of vertices in the equivalent class i, i=1, ... , m. The main
informational TI is defined as

IC=ÿ
X ni

n
log2

ni
n
.

This TI characterises the inhomogeneity of the graph vertices set
and has extreme values for the least homogeneous (m= n) and the
most homogeneous (m=1) sets of vertices. Instead of the set of
vertices, a set of any other fragments can be used.

Another large class of TI is the spectral-type TI.64 Let us call
li and C ( j )= [C

� j �
1 ... ,C � j �n ] the eigenvalues and the eigenvectors

of the matrix of a graph with n vertices. They can be used for the
construction of various TI, for example such as

J1=max (li),

J2= lr7lm ,

where lr is the minimum positive and lm is the maximum negative
eigenvalues, or

qi=
X

C
�k�
i C

�k�
i ,

pij=
X

C
�k�
i C

�k�
j

(the summation in two latter formulae is over those eigenvectors
to which the positive eigenvalues correspond). Spectral-type
topological indices appear naturally in some quantum-chemical
methods and usually have a quite clear physicochemical meaning.

It should be noted that even for a single fixed labelling scheme
of a molecular graph an infinite variety of TI exists. For instance,
the multiplication or summation of two TI results in a new TI.
Therefore, it is impossible in principle to describe all TI, which can
be constructed and used in the QSAR/QSPR analysis. The
problem of reasonable choice of just a few TI out of infinite
number of variants always arises during the construction of each
particular model of structure ± property correlation. This happens
because it is often difficult to give a relatively clear physicochem-
ical or structural interpretation of TI and to correlate it with the
studied property. Moreover, some TI are related to each other by
exact or approximatemathematical equations. These facts, as well
as a common sense, prompt that for any finite set of the weighted
graphs a finite set of TI J1 , J2 , ... , JN should exist. This set is
called a basic set. Then, any TI may be represented as

TI=F(J1 , J2 , ... , JN),

where F(J1 , J2 , ... , JN) is a function ofN variables. The type of the
function depends on the given topological index. It was rigorously
proved 78 that such basis always exists. The number of occurrences
of some structural fragments in the graph may be taken as the
basis invariants and Fmay be a linear function. Some examples of
the expansion to a basis of various invariants of molecular graphs
have been reported.79 These results may be regarded as a mathe-
matical foundation of the well-known principle of additive
schemes, used for approximation of the physicochemical proper-
ties of compounds.80, 81

Onemore approach to the problem of selection of basic TI has
been suggested.82 These basic TI are constructed relying on
specially selected subgraphs and depend on variable parameters.
Another, more QSAR/QSPR-friendly definition of the basis is
also given in the same paper. The suggested method was success-
fully used for the estimation of various physicochemical proper-
ties of the hydrocarbons of different classes.

The number of occurrences of a structural fragment in the
structure of a molecule is a particular case of TI. The simplest
structural fragments have been used in the theoretical chemistry
for a long time for the estimation of physicochemical properties by
additive schemes.80, 81 The QSAR/QSPR studies use more com-
plicated fragments as well.62, 83 ± 85

It is easy to notice that virtually all TI are somehow related to
subgraphs. Fragmental descriptors are of great importance for
QSAR/QSPR methods. Below we discuss some of these descrip-
tors.

Let us assume that a chain of L71 bonds (i.e. containing L
atoms) `links' together atoms i and j (with Yi or Yj codes). Such a
chain fragment of the molecule is usually called `an atomic pair
(i, j )' and is coded by a symbol Yi7(L71)7Yj .86 The code Yi (or
Yj) contains information about the type of the chemical element,
the number of connected atoms (without hydrogens) and the
number of p-electrons. As an example, Table 1 gives the `atomic
pairs' and the number of their occurrences in the structural
formula of the acetone molecule.69 The symbols C and O (see
Table 1) correspond to carbon and oxygen atoms, the symbol Xn

(n=1, 2, 3) indicates that this particular atom is connected to n

Table 1. Atomic pairs in the acetone molecule.

Atom Atomic pairs Number of occurrences of

the fragment in the structure

1 CX1717C.X3 2

2 C.X3717O.X1 1

3 CX1727O.X1 2

4 CX1727CX1 1
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atoms (hydrogen atoms are ignored), the symbol `.' indicates that
this atom contains one p-electron. The number L71 in this
example is equal to 1 or 2. A different method of the description
of atomic pairs based upon physicochemical parameters of the
atom has also been suggested.87

Below are examples of the descriptors, labelled MNA/k,
which are linked to the molecule fragments that are k-order
neighbours of atoms of various types (k=0, 1, ...).69, 88 The
symbols `7' in these descriptors are given to acyclic atoms; the
zero order fragment is the atom itself; the first order fragment is
the atomwith the notification (in the parentheses) of its first-order
neighbour, etc. The fragments MNA/0 and MNA/1 of the
structural formula of phenol for three phenol atoms (labelled 1,
2 and 3) are given in Table 2 as examples.69

The atom-centred fragments of various orders have been
previously used a number of times.65, 77, 80, 81 They have also
been discussed in other publications.89, 90

Usually the vectors X=(X1 ,X2 , ...), where Xi=0 if the
fragment i is absent in the structure and Xi=1 if the fragment i
is present, are composed on the basis of the selected fragment set.
The number of occurrences of a fragment i (i.e., an atom chain) in
the structure also may be used as Xi.91 (Originally, this approach
was suggested for alkanes.92) Such (0,1) vectors X=(X1 ,X2 , ...)
are also called `a bit string'. Some relevant examples are given
below.69

Various TI Xi may be used for the construction of vectors
X=(X1 ,X2 , ...). Particularly, if the components of vector X are
non-negative and

P
Xi= 0, then another vector P=(P1 , ... , Pk),

where Pi=Xi/
P

Xi , may be constructed.9

Examples of vector construction have been reported.69, 93 Two
matrices P and C are introduced for a structure containing N
atoms. P is a rectangular matrix of the N63 size, where row i is
given by (1, pi

0 , qi
0) (pi

0 , qi
0 are specially normalised electro-

negativity and effective charge of atom i). The C is an (0,1)-
adjacency matrix. Then a family of square 363 matrices TMn,
called electrotopological matrices, is defined:

TMn=
P �C nP

N
, n=1, 2, ... , nmax ,

where P* is the transposed P matrix; Cn is the n-degree of matrix
C; nmax is the longest sequence in the corresponding graph. These
matrices do not depend on the labelling of the vertices of the
molecular graph; therefore, their elements may be used as descrip-
tors called electrotopological indices. Vectors consisting of ele-
ments of these matrices for n=1, 2, ... , nmax may be constructed
on the basis of these elements.

It was suggested 94, 95 to use specially formulated rectangular
matrices dependent on fragment descriptors to construct vectors
describing a molecular structure.

The vectors may also be constructed from quantum-chem-
ical 96 and any other descriptors 97 and also on the basis of
physicochemical properties of the compounds.98

A molecular graph with indication of various sets of frag-
ments, described by a sequence of symbols, may be used for
characterisation of a molecular structure.9 Linear nomenclatures
are examples of such graphs. In such a nomenclature the structural
formula is coded by a string of symbols. Each symbol, in turn,
determines the structural fragments. The works ofWisswesser are
at the origin of the linear nomenclatures.99 For instance, for the
compounds CH37CH27O7CH27CH27CH3 and H2N7
CH27CH27C(O)7OH the Wisswesser codes are (2O3) and
(Z2VQ) respectively.62 The symbol `O' indicates the oxygen
atoms, not bonded to H atoms; `Q' is a hydroxy group; `V' is a
carbonyl group; `Z' is a nitrogen atom of an NH2 group. Number
2 (or 3) indicates an unbranched chain of two (or three) CH2

groups.
Yet another linear nomenclature is called SMILES.100, 101 It is

used, particularly, in search for the structural similarity of com-
pounds. The examples of linear codes obtained by the FCSS
(fragmentary code of substructure superposition) language have
been reported.85 The SLN code (SYBYL Line Notation) has been
described.102 This code has been used 103 for protein similarity
estimation.

Simple graphs may be coded with the minimum binary code.
In order to do that, all possible (n!, where n is a number of graph
vertices) adjacency matrices are constructed. Then each matrix is
converted into one string of 0 and 1. This string may be regarded
as a binary number. A minimum lexicographic sequence corre-
sponding to the minimum decimal number is selected as a code.64

There is one more method of sequences construction. Let us
consider a set of N molecules {Mi}, i=1, ... , N, and assume that
for each pair M1 and M2 of this set a symmetrical function
d(M1,M2)= d(M2 ,M1) is given. This function is regarded as a
`distance' between M1 and M2 . Then for each molecule Mk of set
{Mi} a sequence {d(Mk ,Mi)}, i=1, ... , N, i= k may be com-
posed,9, 29, 104 as well as sequences consisting of local graph
invariants, i.e., the powers of graph vertices.105 In contrast to the
vectors, which are used for chemical structure descriptions, the
sequences may be of various lengths.

Functions are also used for the description of a molecular
structure. Let us assume that a molecule is described by a simple
graph G and dij is a topological distance between vertices i and j.
The function called topological transformation of graph G

t�s� � k�G�
XX

ZiZj�sin�sdij��
sdij

,

where s is real parameter, k(G) is a normalising constant such that�
[t(s)]2ds=1, Zi and Zj are charges of nuclei of corresponding

atoms has been considered previously.106, 107 A similar formula
has also been suggested 108 for 3D structures, when dij is a
geometrical distance between atoms i and j. In the latter case,
functions of several variables, for example, charge densities,
electrostatic potentials etc., are also used.13, 109

An algorithm for the description and analysis of themolecular
shape, based on quantum-chemical calculations of charge den-
sities or electrostatic potentials, has been suggested.110 ± 115A study
of the molecular surface is the starting point of the procedure. The
charge density surfaces of various levels are calculated. A set of

OH

H3H

H

H

H

1

2

Cl Cl

H3C

CH3 Cl OH

0 1 0 1 1 0

CH3 Cl OH

1 1 0 0 1 1

Table 2. Fragments MNA/0 and MNA/1 for atoms 1, 2 and 3 in the
phenol molecule.

Atom MNA/0 MNA/1

1 C C(CC7O)

2 C C(CC7H)

3 7H 7H(C)
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these equal level surfaces are regarded as topological objects. The
objects are characterised by homology groups, called shape
groups. The shape groups are used for the description of molec-
ular shapes and for the analysis of their similarity. This method
may be successfully combined with the description of stereo-
isomers in terms of the knot theory and is easily programmable,
which provides an opportunity for automatic non-visual analysis
of the molecular similarity degree.

Spatial geometrical models of molecules may be constructed
on the basis of structural formulae, using themolecular mechanics
or quantum-chemical methods.62 These models are potential
source of new molecular descriptors. Thus, for example, if the
orthogonal coordinates (Xi 1 , Xi 2 , Xi 3) of a molecule, containing
N atoms ofmassesmi (i=1, ... ,N ), are known, then the formulae

Uj �
1

M

X
i� 1

miXij ,

where j=1, 2, 3; M �
XN
i� 1

mi is the molecular mass, determine

the coordinates of the centre of mass. Let us denote the inertia
tensor as R=(rjk)

rjk �
XN
i� 1

mi�Xij ÿUj��Xik ÿUk�,

and the eigenvalues of matrix R as X, Y, Z. These eigenvalues and
some of their functions, such as X/Y, X/Z, etc., were suggested 62

as molecular geometrical descriptors. Some authors use the van
der Waals volume or the surface area of the molecule for the
description of the molecular spatial structure. The details of the
calculations of these descriptors can be found in the literature.62

Usually, methods for molecular structure description are
subdivided into 2D and 3D methods. The bond angles and the
Euclidean interatomic distances are not taken into account in the
former case. Therefore, the methods, based on the matrices of
topological distances of the molecular graph are 2D methods and
the invariants determined by these methods are 2D descriptors.
The methods based on the matrices of Euclidean distances are 3D
methods and the invariants determined by these methods are
3D-descriptors. The degree of molecular similarity discussed
below usually depends only on the mathematical representation
of the molecules (graphs, sets, matrices, vectors, sequences, etc.)
and does not depend on the information coded by these mathe-
matical models. Therefore, we do not discuss separately the 2D
and 3D methods of analysis of molecular similarity. The methods
of representing the molecular structure, where those based on the
graph theory are most important and the other ones are just its
derivatives, may be illustrated in a form of the following Scheme.

IV. The quantitative measures of the molecular
similarity

The quantitative measure of similarity of two molecules M1 and
M2 is a scalar function d (S1,S2) of two variables S1 and S2 . Its type
depends on themethod of description of the structures S1 and S2 of
molecules M1 and M2 . The value of d(S1,S2) for a pair of the
structures is a measure of their similarity. Let us assume that the
function d (S1,S2) is such that:

d(S1,S2)5 0;

d (S1,S2)=0 then and only then, when S1=S2;

d (S1,S2)= d (S2 ,S1) (symmetry);

d (S1,S2)4 d (S1,S3)+ d (S2,S3) (the triangle inequality).

In this case the function d (S1,S2) is called ametric.Most of the
measures of themolecular similarity aremetrics. In this Sectionwe
will describe some similarity measures, developed for various
mathematical methods of molecular representation, which are
listed in the Scheme at the end of Section III.9

1. Let us assume that the structures S1 and S2 are represented
by n-dimensional vectors X=(x1, x2, ... , xn) and Y= (y1, y2,
... , yn). The components of these vectors are some invariants of
molecular graphs. The following similaritymeasures are described
in literature:

d1(X,Y )=
X
jxi ÿ yij (L1 is metric),

d2(X,Y )=

�X
jxi ÿ yijp

�1=p
(Lp is metric);

for p=2, d2 is a distance between pointsX andY in the Euclidean
space Rn. (Euclidean distances are widely used in the estimation of
the molecular similarity degree 24, 65, 116 ± 122.)

d3(X,Y )=

X
�xi ÿ �x��yi ÿ �y����X �xi ÿ �x�

X
�yi ÿ �y�

���1=2 ,
�x � 1

n

X
xi; �y � 1

n

X
yi

(correlation coefficient);

d4(X,Y )=

X
xiyiX

x2i �
X

y2i ÿ
X

xiyi

(Tanimoto coefficient).
The Tanimoto coefficient is one of the most common sim-

ilarity measures in QSAR/QSPR studies as well as in the analysis
of chemical databases.2, 53, 122 ± 127 (0,1)-Vectors are usually used
as vectorsX andY. The component values of these vectors depend
on the presence (1) or absence (0) of some fragments in the
structures S1 and S2 . In this case, the Tanimoto coefficient has
the form

d4(X,Y )=
Nxy

Nx �Ny ÿNxy

,

where Nx and Ny are the numbers of components in each of the
vectors X and Y equal to 1; Nxy is the number of `common'
components of these vectors equal to 1.

d5(X,Y )=

X
min�xi; yi�X

x2i �
X

y2i ÿ
X

min�xi; yi�
(Ref. 88),

d6(X,Y )=
X
�xi ÿ yi� log2

xi
yi
�xi; yi > 0�,

d7(X,Y )=

X
xiyi�X

x2i

�1=2
�
�X

y2i

�1=2
(cosine of the angle between the vectors),91, 121, 126, 127

d8(X,Y )=

X
min�xi; yi�

0:5
�X

xi �
X

yi

� .

The metric d8(X,Y ) was introduced for a case where the compo-
nents of vectorX (or Y) are equal to the number of occurrences of
the special fragment, namely, an atomic pair, in the structure S1
(or S2) (see Section III).86 The method for estimation of the
similarity based on atomic pairs is sometimes called the `atomic
pairs method'.

Sequences

Functions

3D geometric models

Molecular

graph

Matrices

Vectors

Sets
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The measure considered in a study 69

d9(X,Y )=

�
1� 1

n

X
i

�Xi ÿ Yi�2
�ÿ1

,

was defined for vectors constructed from the elements of electro-
topological matrices 70, 92 (see Section III).

2. Let us assume that the structures S1 and S2 are represented
by finite setsD1 andD2 and denote the number of elements in the
set D as jDj. The following similarity measures are described:9

d10(D1,D2)=jD1j � jD2j ÿ 2 jD1 \D2j � jD1nD2j � jD2nD1j
(Hamming metric 128),

D11(D1,D2)=
jD1 \D2j
jD1 kD2j

(Ohia coefficient).
3. Let us assume that the structures S1 and S2 are represented

by the labelled graphs G1 andG2; E is a set of graph vertices, jGj is
the total number of vertices and edges of the graph G;
jMACS(G1 ,G2)j is the total number of vertices and edges in the
maximum common subgraph G1 and G2 . The following measures
were introduced for the graphs:9

d12(G1,G2)= jE2nE1j � jE1nE2j,

d13(G1 ,G2)= jG1j � jG2j72 jMACS(G1,G2)j,

d14(G1,G2)=
jMACS�G1;G2�j2
jG1 kG2j

.

Themethods of finding themaximum common subgraph have
been reviewed.129, 130 It should be noted, that the subgraph may
also be found for the edge graphs derived from these graphs.131

Eight similarity measures based on the maximum common sub-
graph have been reported.132

In order to define the measure d15(G1,G2), let us choose a
subgraph (fragment)H. Let n(G )=1 ifH belongs to the graphG,
and n(G )=0 if H does not belong to G. Let us consider the
measure

d15(G1,G2)= jn�G1� ÿ n�G2�j.
Obviously, d15(G1,G2)=1 if one of the graphs contains the frag-
ment H and another one does not (the graphs G1 and G2 are
`dissimilar'); and d15(G1,G2)=0 ifH either belongs to both graphs
or to none of them (G1 and G2 are `similar'). This measure allows
one to sort the structures of a set into two classes: those containing
and not containing the fragment H. The application of this
measure in QSAR results in a search for the fragment H present
in all active compounds of a set and absent in the structures of
inactive compounds.62, 85

4. Let us assume that the structures S1 and S2 are represented
by the sequences l1 and l2; jl j is the length of the sequence;
jLCS(l1, l2)j is the length of the longest common sequence in l1
and l2 . For the sequences, the following similarity measures were
suggested:9

d16(l1, l2)= jl1j � jl2j ÿ 2 jLCS�l1; l2�j,

d17(l1, l2)=
2 jLCS�l1; l2�j2
jl1 k l2j

,

d18(l1, l2)=
1ÿ d17�l1; l2�
jl1 k l2j

.

Also, let us define the elementary `editing' operations of the
sequences: the removal of the element x, the addition of the
element x, the replacement of x by y in the particular sequence.

The similarity measure of two sequences l1 and l2 may be
introduced as the minimum number of such operations required
to transform l1 into l2.14

5. Let us assume that the functions f1 and f2 correspond to the
structures S1 and S2. The following similarity measures may be
defined on this basis:

d19� f1; f2� �
��

f1�x� ÿ f2�x�jj 2dx

�1=2

,

d20� f1; f2� �
�
j f1�x� ÿ f2�x�jdx,

d21� f1; f2� �

�
f1 f2dx�

j f1j2dx
�
j f2j2dx

.

Similar formulae may also be written for the functions of several
variables.

There are several `named' similarity measures associated with
the functions. Let us consider the measure 133 specified as

d� f1; f2� �
� �

f1�r1�O�r1; r2�f2�r2�dr1dr2 ,

where f1 and f2 are the functions of charge density, O is a positive
definite operator. The measure d( f1, f2) was used to specify other
measures, for example:

dC� f1; f2� �
d� f1; f2�

d� f1; f1�1=2d� f2; f2�1=2

(Carbo's index 134 ± 140),

dHR� f1; f2� �
2 d� f1; f2�

d� f1; f1� � d� f2; f2�

(Hodgkin ±Richards index 109, 134 ± 136, 141),

dP� f1; f2� �
d� f1; f2�

max�d� f1; f1�; d� f2; f2��

(Petke's index 142, 143).
Two sets of similarity indices, dependent on the parameters x

and k, were suggested133

D1� f1; f2� �
�
k�d� f1; f1� � d� f2; f2��

2
ÿ xd� f1; f2�

�1=2
,

D2� f1; f2� �
�kÿ x�d� f1; f2�

D2
1� f1; f2�

.

The indices D1 and D2 become equal to the Carbo and Hodg-
kin ±Richards indices at some particular k and x values. The
similarity measures listed above are usually called the quantum-
chemical ones, because the functions fi (charge density, electro-
static potential, etc.) are calculated by quantum-chemical meth-
ods.133, 135, 142, 144 ± 171

It was suggested 172 to consider three- or four-atomic mole-
cules similar if they have equal numbers of electrons. It was found
that in this case the values of some physicochemical parameters
(for example, the atomisation heats) of similar molecules are
comparable. However, for other properties (for instance, for the
ionisation potentials) this similarity measure does not work.

Various modifications of the above-mentioned quantum-
chemical similarity measures have been proposed.173 ± 175 These
give rise to new, nonsymmetrical measures d 0ij for some sets of
compounds. For example, so-called `stochastic transformation'
d 0ij of the similarity measure dij is suggested:

d 0ij = dij (di 1+ di 2+ ...+ diN)71,
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where N is the number of compounds in a set. The quantity d 0ii
called the self-similarity measure, is regarded as a molecular
descriptor and is used for the modelling in QSAR/QSPR analy-
sis.176

6. Let us assume that the structures S1 and S2 are represented
bymatricesA=(aij) andB=(bij) of the same order k. In this case
the measures d22(A,B), d23(A,B), d24(A,B) may be used for the
comparison of the structures S1 and S2.9, 177, 178

Let us define the measure d22(A,B) as follows:

d22(A,B)=
1������������������

k�kÿ 1�p �X
�aij ÿ bij�2

�1=2
.

Obviously, the d22(A,B) depends on the atomic numbering scheme
in the structures S1 and S2 . However, it is possible to design a
numbering independent similarity measure d23(A,B). Keeping the
numbering of atoms in the structure S1 fixed, all possible number-
ing schemes of the structure S2 are considered and all possible
values of d22(A,B) are calculated. The minimum obtained value is
regarded as a similarity measure d23(A,B) of the structures S1 and
S2 .9, 177

The measure d24(A,B) is often used to compare isomers
described in terms of so-called be-matrices.73 This measure is
called `the minimal chemical distance' and is determined by the
following formula 178

MCD(A,B)= d24(A,B)=min
X
i; j

jaij ÿ bp�i�p� j �j.

Here the summation takes place over the indices i and j; p are all
possible combinations of n symbols, where n is the matrix order.
Some combinatorial problems appear during the calculation of
the MCD(A,B) value. Methods for tackling these problems have
been proposed.178

A method of estimation of molecular similarity based on the
matrices of the geometrical distances has been described.179, 180

7. Let us discuss the similarity measures for the molecules
represented by three-dimensional geometrical objects G1 and G2 .

In order to calculate these measures, the 3D molecular
structures are spatially superimposed and a function of several
variables is minimised. This function depends on the mutual
orientation of the molecules. For instance, the following function
may be used

R�G1;G2� �
"
1

N

XN
i� 1

X3
j� 1

�
x
�1�
ij ÿ x

�2�
ij

�2#1=2
,

where N is a number of atoms in the structures G1 and G2 , x
�1�
ij

[or x
�2�
ij ] are the coordinates of atoms in G1 (or G2). The minimum

R(G1,G2) of all possible rotations and translations of the structure
G2 in the spaceR3 (with a fixed position of the structureG1)may be
regarded as a similarity measure d25(G1,G2) of the structures G1

and G2 .
The following function may be used to evaluate the similarity

of the structures G1 and G2 instead of the function R(G1,G2)

R
0 �G1;G2� �

"
1

N

XN
i� 1

mi

X3
j� 1

ÿ
x
�1�
ij ÿ x

�2�
ij

�2#1=2
,

where mi is the mass of the atom i. As in the previous case, the
minimum of this function, determined by relative positions of the
structures G1 and G2 , is calculated. The value of this minimum is
regarded as a similarity measure d26(G1,G2) of the structures G1

and G2 .
In order to determine the Meyer's similarity index S(G1,G2)

(Ref. 181), a three-dimensional lattice with relatively small dis-
tances between the nodes (for example, 0.02 nm) is constructed in
the space R3. The geometrical body formed by a system of atom-
centred van der Waals spheres is regarded as a model of the
molecule. Molecules G1 and G2 are placed in this three-dimen-
sional latticed space and the numbers of the nodes T(G1), T(G2)

and T(G1,G2) are counted. These are the numbers of the nodes in
the van der Waals areas of each molecule and in their overlapping
region, respectively. Then the Meyer's index is calculated accord-
ing to the following formula 181

04S(G1,G2)=
T�G1;G2��

T�G1�T�G2�
�1=2 4 1.

The superimposion is performed to ensure the highest possible
value of S(G1,G2).

The value of d(G1,G2), calculated according to the following
formula, is used as a similarity measure of two molecules

d(G1,G2)=
VG1G2

VG2

,

whereVG2
is the volume of the molecule G2; VG1G2

is the volume of
the overlapping area of the molecules G1 and G2.182 It should be
noted that this measure is better to be used when the position of
one of the molecules is fixed.

The elementary operations required to transform structure G1

into structure G2 during estimation of the molecular similarity are
documented.183 These operations include the addition and
removal of atoms, the change of atomic labels, etc. The special
measure of similarity of the structures G1 and G2, which depends
on the minimum number of operations for the transformation of
one molecule into another, is introduced. The review of the
methods for superimposition of three-dimensional structures is
given. Another method of optimal superimposition of three-
dimensional molecular structures was suggested in a study,184

where the Carbo and Meyer indices were used for the molecular
similarity measuring. The similarity measures based on the spatial
superimposing of the molecules were also used 185 for the con-
struction of 3D QSAR models.

The biological activity of molecules is closely related to their
three-dimensional structure. As a result, the increased attention is
attracted nowadays to the analysis of similarity of such struc-
tures.41, 42, 46, 186 ± 202 The correct choice of the biologically active
conformation of the molecule is the main problem of 3D analysis
of similarity. Usually either the conformation obtained by X-ray
structural study of the complexes of the ligandwith the receptor or
the conformation calculated on the basis of two-dimensional
structure by a special converter program is taken. It was supposed
that the biologically active conformation of the molecule corre-
sponds to a global minimum of its potential energy. However, it
was shown that it is not the case.69 Therefore, the consideration of
only one main conformation in the analysis of similarity of the
compounds may produce erroneous results.

Most of the 3D databases contain just one conformation for
each compound. Therefore the 3D methods of similarity analysis
probablywill not provide a significant advantage over the 2Dones
without taking into account a conformational flexibility of the
molecule. It requires either to generate and keep a set of con-
formations for each molecule or to perform conformational
calculations in the process of similarity analysis, which signifi-
cantly slows it down.69

Superimposing (or overlaying) of two molecules in the simil-
arity analysis is a limiting step, which restricts the application of
3D methods for the analysis of large databases. The superim-
position proceduremay be speeded up in several ways.202, 203 A 4D
similarity measure, which depends on the conformation of the
molecule, has been considered.204 The protein similarity meas-
ure 205 is based upon their 2D representation.

Alongside with 2D, 3D, 4D representations, 1D representa-
tion is also in use.206 In this case the molecule is represented by a
chain graph with labelled vertices, which correspond to the atoms
of the molecule. The labels of the vertices include the atomic type,
hybridisation and bonding of the corresponding atoms. The
methods of the comparison of these chain graphs are identical to
the methods for comparison of symbol sequences.
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A comparative analysis of 2D and 3Dmethods was performed
during the classification of four sets of compounds into the active
and inactive ones.207 The possibility of application of 2D and 3D
methods for the estimation of similarity of various experimentally
measured and calculated physicochemical properties related to
such interactions as hydrophobic, dispersion, electrostatic, steric
and donor ± acceptor ones has been discussed.186 The best prop-
erty predictions were made on the basis of 2D fragment descrip-
tors.

In a study,208 various sets of 2D and 3D descriptors have been
used for the classification of compounds according to their
biological activity. It appeared that only 2D fragments provide
effective sorting of the compounds to the active and inactive ones
and, therefore, they are preferable for the analysis of similarity of
chemical compounds.

The results of comparison of the 2D method of atomic pairs
and its 3D modifications in the search for active analogues of
morphine, cyclopamine, diazepam, apomorphine, serotonin,
haboxadol, diethylstilbestrol in the database of 30 000 compounds
are reported.50 It is shown that the three-dimensional approach
does not surpass the 2D method in the number of obtained
biologically active analogues. At the same time, some active
compounds, topologically different from the corresponding
standard compound, were found only by 3Dmethods. A compar-
ison of 2D and 3D descriptors for identification of active and
inactive compounds was also carried out in other studies;209 both
methods provide similar results. The comparison of the similarity
measure defined by the Tanimoto coefficient and the measures
based on the superposition of the structures has also demon-
strated 210 that the efficiency of 2D and 3D methods is approx-
imately the same.

The method of superposition of the structures has performed
better in the search for analogues in the non-homogeneous 3D
databases, while for more homogeneous databases the best results
were obtained by the maximum common subgraph method.68

A comparison of several similarity measures during the search
for compounds in databases was performed;211 ± 216 methods for
determination of molecular resemblance based on 22 similarity
measures were suggested.216

The problem of analytical description of an arbitrary similar-
ity measure specified for some finite set of the labelled graphs was
discussed.217, 218 The general analytical formula depending on two
matrices A1 and A2 was obtained. These results imply that in the
prediction of properties of chemical compounds by methods
based upon a similarity measure the best matrices A1 and A2

have to be obtained. In order to do that, the measure should be
selected by optimal way from the sample subset of the compounds.
This method of measure selection is a universal one and may be
programmed (in contrast to the usual approaches where the
measure is often `guessed'). The method was applied 219 for the
prediction of lipophilicity (logP) of compounds, where P is a
distribution coefficient in the n-octanol ±water system. The
advantages of this method were discussed.13, 220

Thus, there is a number of various molecular similarity
measures. The new measures may be constructed on their base.
The review by Sheridan and Kearsley 221 discusses the reasons for
invention of such a variety of measures and their application in
theoretical and computer chemistry.

In the conclusion of this Section it has to be noted that
quantitative similarity measures used in the theoretical chemistry
are commonly divided in the `similarity measures' and `dissim-
ilarity measures'. In the former case, the higher is the similarity
(intuitive) of the molecules, the greater is the value of the
corresponding similarity measure. In the latter case, the situation
is opposite. By inversing the similarity measure d(M1,M2) of the
molecules M1 and M2 and calculating the value of 17d(M1,M2),
the dissimilarity measure of these molecules may be obtained. A
new molecular descriptor of the molecule M may be constructed
on the basis of any similarity measure d(M1,M2):
d(M)= d(M,M0), whereM0 is a fixedmolecule.9 Variousmethods

of determination of the molecular `diversity' are discussed, for
example, in the papers.12, 222 ± 234

V. Methods for the prediction of properties of
chemical compounds based on the molecular
similarity concept

1. Method of k nearest neighbours
Let us take a set of N chemical compounds M1 , ... , MN with
known values y1 , ... , yN of a chemical property. Then, according
to the method of k Nearest Neighbours (kNN),24, 69, 235, 236 the
property y0 of a compound M0 may be calculated as follows:

y0=
1

k

X
W�Mj�yj ,

where W(Mj)=1 if Mj is among the nearest k neighbours and
W(Mj)=0 in the opposite case. Generally, W(Mj) may be
replaced by any other weighted functions, particularly a similarity
measure d(M,Mj) may be used instead. The advantages and
limitations of the kNN method and some of its modifications
have been discussed.235, 236 The correct choice of k is a key
problem of this method. For example, the optimal k was selected
out of the series of values 1, 2, 3, 4, 5 in the prediction of
lipophilciity;23 the k=1 was used for the estimation of boiling
points and mutagenicity;25, 69 the k=1, ... , 10; 15, 20, 25 were
also applied.24 The measure used for identification of the `nearest
neighbours' also affects the results of the kNN method. The
composition of a set is also very important (there is a possibility
that there are no `good' neighbours in a set).

2. The estimation of a property on the basis of a system of
equations
Zefirov and co-workers 219 suggested a method based on the
optimal selection of a similarity measure d(Mi ,Mj) by the system
of equations of the following type

jyi ÿ yjj& d(Mi ,Mj).

It was suggested to determine the property y0 of a new structure
M0 on the basis of a system of equations in order to avoid the
problem of selecting a correct number of neighbours k in kNN
method:

jy0 ÿ yij& d(M0,Mi),

where {Mi} is a training set. In fact, this method is based on the
assumption that the obtained model `similar structures ± similar
properties' is also valid for the new compound M0 .

3. The methods of pattern recognition theory
The background of the theory of pattern recognition
(TPR) 62, 76, 85, 237 ± 239 are as follows. There is a set of objects,
each of them belongs to one of the classes (patterns). The main
task of TPR is to produce the rules (usually written as inequalities)
according to which the studied objects may be assigned to
corresponding classes. If the class of an object is a priori known,
then the problem is the learning strategy of pattern recognition. In
the absence of the a priori knowledge the system has to train itself
to recognise the classes. The quality of the rules is determined by
the number of errors in the classification of a training set.

Let us discuss the geometrical interpretation of the TPR. In a
number of cases the chemical objects are described as vectors
X=(x1, ... , xn), i.e., any object is represented by a point in the
Euclidean space Rn. The Euclidean distance d(X1,X2)=
[
P

(x1i7x2i)2]1/2 may be regarded as a measure of proximity of
these points. If the choice of the recognition criteria is adequate,
then the points of the same class occupy a compact area in the
space Rn (so-called cluster) and the clusters of different classes do
not intersect each other. The term `cluster' is a fundamental one
for the self-training procedure. It may be determined as a set of
points {A}, where any point is closer to the point of the same set
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rather than to a point that does not belong to {A}. In the simplest
case, the recognition rulemay be as follows: an object described by
vectorX belongs to the class that is located at the shortest distance
from the object.

The TRP may also be described in the probability terms. In
this case the selection rules are described in terms of the prob-
ability theory.

The theory of pattern recognition is widely used in the
prediction of biological activity of the compounds. In the simplest
case, the compounds are sorted into two classes: active and
inactive ones. The vectors based on the descriptors are used for
the description of the compounds.

The linear regression method, used for the quantitative
description of properties, may be regarded as a specific case of
TPR. Indeed, the range of the property valuesmay be split into the
non-intersecting intervals and the chemical compounds may be
assigned to the corresponding classes. The regression equation
determines the selection rule for the classification of the com-
pounds of a training set. However, the method of linear regression
is not usually regarded as one of the methods of molecular
similarity in the prediction of properties of chemical compounds.

4. The methods of quantitative correlations between the
similarity of compounds and their biological activity or
property (QSiAR/QSiPR analysis)
The following type of correlations is established in these methods:

yj=
X

aiS(i, j )+ a0 ,

where S(i, j ) is a similarity coefficient between the compounds i
and j, ai , a0 are regression coefficients. The principal component
analysis or partial least squares method are used for the determi-
nation of significant variables in the correlation equation (i.e., for
determination of i values). Examples of applications of the
QSiAR/QSiPR analysis can be found in the litera-
ture.29, 144, 240 ± 243

VI. Formalisation of the postulate `similar
structures possess similar properties' and its
analysis

As it was mentioned above, the application of a concept of
molecular similarity for the prediction of properties of chemical
compounds is based on the statement `similar structures possess
similar properties' (SSPSP), which is accepted as an axiom, with-
out being proved.

Naturally, the questions are: what is the correct interpretation
of this postulate, how well is it justified, how to formalise it?

The hypothesis that similar structures possess similar proper-
ties originated from numerous experimental correlations between
the properties of chemical compounds and the presence and
number of some structural fragments in their molecules. Two
structures are called similar if they have several common frag-
ments, which mainly determine the value of a property, and differ
by the fragments, which do not influence the value of a property.
In this case one can expect that really `similar' structures will
possess `similar' properties.

Nowadays very abstractive and complicated similarity meas-
ures, not directly related to the studied properties (see chapter IV),
are often used for the estimation of molecular similarity degree. In
spite of this fact, the SSPSP statement is still applied; however, its
interpretation and validity in these cases is not entirely clear.

Johnson 235 reports the results of an empirical study of the
validity of SSPSP postulate for various particular cases. Sixteen
properties (both physicochemical properties and biological activ-
ity types), 16 databases and 72 quantitative similarity measures
based on the vector representation of the molecular structures
were investigated. The kNN method was used for the calculation
of properties. It was shown that the measures based on the

correlation coefficients are the most successful ones. A vector
whose components are equal to the number of appearances of
some structural fragments in the molecule is the most preferable
one for the description of the molecular structure.

Thus, the validity of SSPSP statement significantly depends
upon the choice of the chemical descriptors, the similarity meas-
ures, the class of the chemical compounds, the studied properties
and the method of property estimation.235 As the application of
this postulate for the resolving of the particular problems of
theoretical organic chemistry may turn out to be not always
correct, the success of predictions of the properties of chemical
compounds by the abovementioned methods is, generally, acci-
dental. Therefore, a theoretical confirmation of the validity of
SSPSP postulate is required.

In order to analyse the postulate, let us consider the most
general case when the chemical structures {Mi}, i=1, ... , N, are
represented by some mathematical objects {Si}, i=1, ... , N, and
for the pairs Si and Sj of these objects a symmetrical function
d(Si ,Sj)5 0 [such, that d(Si ,Sj)=0 only when Si=Sj], the sim-
ilarity measure of the corresponding structures Mi and Mj , is
specified. Besides, let us assume that the numbers {yi}, i.e., the
values of some property of the structures {Mi}, i=1, ... ,N, are
also known. It is reasonable to propose, as a similarity measure, a
quantity jyi ÿ yjj. Let us assume that the numerical criteria of
similarity of properties and structures are a priori known. The
criteria are the numbers e5 0 and d5 0, such that if d(Si ,Sj)4d,
then the structures are regarded as similar and if jyi ÿ yjj4e, then
the properties are also regarded as similar. Obviously, the number
e is always selected by a researcher according to the particular
problem to be solved and d(Si ,Sj) and d are variable character-
istics. Then the postulate SSPSP may be formulated as follows: if
for any structures Mi and Mj d(Si ,Sj)4d, then jyi ÿ yjj4e.

For the analysis of the validity of the postulate, let us make the
following simple statement: for any set of structures {Mi}
(i=1, ... ,N ), any property y and any similarity measure
d(Si ,Sj)5 0 [d(Si ,Sj)=0 only in the case where Si=Sj ] the
following inequalities are valid

ad(Si ,Sj)4 jyi ÿ yjj4 bd(Si ,Sj),

where a and b are constants depending on the measure, properties
and the set of structures, namely

a � min
i; j; i 6� j

jyi ÿ yjj
d�Si;Sj�

5 0,

b � max
i; j; i 6� j

jyi ÿ yjj
d�Si;Sj�

5 0.

Several conclusions may be drawn from this statement.
1. The postulate will always be valid (in the abovementioned

form) if d= e/b is selected.
2. Let us assume that for a given set, not all the values of the

properties are close to each other, i.e., that there is a pair Si and Sj,

such that jyi ÿ yjj> e. Therefore, if d � max
i;j

d�Si; Sj� is selected,

then the postulate will not be valid for the given set.
3. Earlier, we assumed e to be specified. However, if e is

selected to be very large, then the postulate will be valid for any
d and d(Si ,Sj).

4. From the obtained double inequalities, it follows that the
lower is the value of d(Si ,Sj), the smaller is the quantity of jyi ÿ yjj,
thus for the `very similar structures' the properties are also `very
similar'. This qualitative conclusion, drawn from the rigorous
mathematical argumentation, is, in fact, a proof for the non-
formal postulate typically used in theoretical chemistry.

Thus, we have shown that the validity of the postulate depends
on the choice of e and d values if the measure d(Si ,Sj) is fixed.
However, the similarity measure of the properties is very seldom
selected during the practical application of the molecular similar-
ity concept. Therefore, without this criterion, it is very difficult to

970 M I Skvortsova, I V Stankevich, V A Palyulin, N S Zefirov



judge if the structures really possess similar properties. Usually the
experimental and calculated properties are listed in the QSAR/
QSPR papers; however, the allowed error of prediction is never
given. Therefore, a careful reader have to judge for himself the
quality of methods applied.

An alternative method of selection of the measure d(Si ,Sj) has
been suggested.219 Thismeasure is selected using a set of structures
on the basis of the conditions d(Si ,Sj)& jyi ÿ yjj at all i and j. In
this case, the measure is represented by a special equation,
depending on the variable square symmetrical matrix A. This
equation is a scalar product of vectors AX and X, where X is a
vector composed from certain descriptors. This method provides
the validity of the SSPSP postulate for a given set with any values
of e and d= e and seems to be more efficient than `guessing' of the
measure.

Let us discuss the applicability of SSPSP postulate for the
prediction of properties of the compounds that do not belong to
the initial set. If this postulate is valid for the initial set with some
d, then for another set it cannot be valid with the same value of d.
Thus, it is obvious that the application of the postulate for
estimating the properties of other compounds may be erroneous.

A `training set' of compounds with known properties is always
required for the estimation of the d value. However, the standard
regression equation may be written if the set is present and the
problem of property prediction may be solved by other methods.
Both these methods (regression analysis and similarity method)
require the selection of the way of mathematical description of the
molecular structure, the molecular descriptors, the type of the
dependence between the descriptors and property or the similarity
measure, and also the training set. The possibility of the analysis in
the case of a non-linear structure ± property correlation or even
without a correlation at all is an advantage of the similarity
method (the regression analysis usually uses the linear models).
Moreover, the similarity method looks more attractive (in com-
parison with the regression analysis) because of the illusion that it

does not requires complicated computation and a training set.
Measures that compare the structures as a whole and do not
require any descriptors are also possible. For example, the
maximum common subgraph and its characteristics (the number
of vertices, edges, etc.) may be found. However, such simplifica-
tion of the similarity method results in arbitrary character of the
predictions.

VII. Examples of application of the molecular
similarity concept

1. Determination of the structural similarity in terms of
topological indices
The values of 90 topological indices (including the RandicÂ index,
the Wiener index, the series of informational indices, connectivity
indices, etc.) have been calculated 243 for 3692 organic compounds
of various classes. Ninety-dimensional vectors were composed for
each of the studied structures on the basis of these TI. Ten new TI
X1 , ... , X10 , which are linear combinations of the initial ones,
were constructed as well, because some of the used indices were
correlated by linear equations. Let us assume that
X(i )= (X

�i�
1 , ... ,X

�i�
10) (i=1, 2) are two such vectors corresponding

to a pair of structures S1 and S2 . The similarity measure d of the
structures S1 and S2 was determined 244 as the Euclidean distance
between two points in the space R10

d [X(1),X(2)]=

�Xh
X
�1�
i ÿ X

�2�
i

i2�1=2

and the applicability of this measure in the search for structural
analogues of some compounds in a specific database was studied.
Five compounds were randomly selected and for each of them five
nearest {according to the measure d [X(1),X(2)]} neighbours were
found. The results of this procedure are shown in Scheme 1;
indices 1.0, 2.0, 3.0, 4.0, 5.0 correspond to the selected compounds
and indices of the i, j (i, j=1, ... , 5) type, to the found nearest
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`neighbours'. The compounds are listed according to increasing
values of the measure d [X(1),X(2)]. The compounds found are in
agreement with the intuitive chemical ideas about the structural
similarity of themolecules. In order to find `good' compounds in a
database, it is necessary, at least, to have them in the database.244

2. The dependence of the result of clusterisation of a set of
compounds on the method of chemical structure description
The correlation between the toxic activity for mice and the
structure has been studied 245 for 25 ethers R17O7R2

(R1=Me, Et, Prn, Pri, CH2=CH; R2=Me, Et, Prn, Pri, Bu
and other). The electrotopic descriptor e (Ref. 245) and valence-
weighted connectivity index mwn at m=1 were used for the
classification of compounds.

Clusters in the descriptor ± property planes for e and wn are
shown in Fig. 1. Obviously, the quality of clusterisation depends
on the selection of a descriptor and e works better than wn.

3. The search for similar structural fragments of compounds
exhibiting similar properties
It appeared 246 that the structural similarity of antihistamine
agents (diphenhydramine, methapyrilene, cyproheptadine, di-
methindene, promethazine) may be represented by a topological
triangle of two aromatic rings and the tertiary nitrogen atom.

A common `triangle' with some functional groups in the
vertices has also been found for antipsychotic agents (molindone,
chlorpromazine, haloperidol, pimozide, chlorprothixene, sulpir-
ide).
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4. Dependence of the result of property prediction by the kNN
method on the choice of the similarity measure and number k
of nearest neighbours
Two molecular similarity measures have been studied 23 for the
estimation of lipophilicity (logP ) of 76 compounds of various
classes. One of them was determined according to the following
formula

d 0 � 2C

T1 � T2

,

whereT1 ,T2 are the numbers of fragments that are atomic pairs in
the first and second structures, respectively; C is the number of
atomic pairs shared by these two molecules (see Sections III and
IV). The second similarity measure was determined according to
the following formula

d 00 �
�Xh

X
�1�
i ÿ X

�2�
i

i2�1=2

,

where X( j )= [X
� j �
1 , ... ,X

� j �
9 ], j=1, 2 are some vectors from the

Euclidean space R9 obtained by the main component analysis
from 90 various TI (see part 1 of this Section).

Five nearest neighbours of each compound of the set have
been found according to the measures d 0 and d 00 and the values of
logP have been calculated by kNN method in five variants (at
k=1, 2, 3, 4, 5). Thus, ten various estimations of the logP were
obtained. The correlation coefficients r between the observed and
calculated values of logP are listed in Table 3. The best results
were obtained when the measure d 0 with k=4 (r=0.874) was
used. According to a publication,23 both methods provide good
results.

Another method of the similarity analysis based on the
optimal selection of similarity measure d, has been applied for
the same data.219 A set of structural fragments has been selected
for the description of the structures. It was established that
according to some criteria, the obtained model is more precise
than that used in the other publication.23 Even more accurate
model may be obtained by varying the set of fragments, however,
no such studies were performed in the discussed paper.

5. The selection of structural analogues by various molecular
similarity measures
Three molecular similarity measures d1 , d2 and d3 have been
examined 43 and five structural analogues of o-xylene have been
found according to these measures. Seven physicochemical prop-
erties (includingmolar volume, logP, boiling point, etc.) were used
for the description of molecules during the composing of measure
d1. On the basis of the principal component analysis of these seven
parameters, five new parameters were composed. These new
parameters are linear combinations of the original ones. By coding
the structures with the corresponding five-dimensional vectors,
the measure d1 was determined as a standard Euclidean metric in
the space R5.

The measure d2 is similar to d1 and is based on 81 TI. Ten new
descriptors were obtained from these TI by the principal compo-

nent analysis. Therefore, d2 is defined as anEuclideanmetric in the
space R10.

The d3 measure is based on the atomic pairs and has been
discussed earlier.

The structural formulae of the analogues of o-xylene selected
with the help of the discussed similarity measures are listed below
(the structures are arranged according to the decrease in the
measure values). The result of the search for `similar' structures
depends on the measure selection. However, there are examples of
coincidence between the structures found by using different
similarity measures.

6. Revealing of the similarity of musk compounds by the
pattern recognition theory method
A set of 300 compounds has been studied.62 Among these
compounds 60 are musk odorants and 240 possess another
fragrance (camphoric, floral, ester, mint, etc.). Also, the musk
odorants belonged to various structural types: there were 23
macrocyclic compounds, 19 polynitrobenzenes, 11 steroids, 5
g-butirolactones and two compounds of other types. Initially 68
descriptors (geometrical and fragmental) were used, further 13 of
the most important among them were selected by TPR for

Cl

Cl

Cl

Cl

Cl

d1

d2

d3

Table 3. Correlation coefficients between experimental and theoretical
logP values calculated by ten methods.23

k Correlation coefficient (r)

for d 0 for d 00

1 0.774 0.788

2 0.854 0.821

3 0.869 0.814

4 0.874 0.846

5 0.852 0.845
Table 4. The main descriptors used for the classification of compounds
into musk and non-musk odorants.62

Descriptor Rate of correct

classification

Number of O atoms 84.3

Number of double bonds 82.3

Number of aromatic bonds 80.0

Maximum eigenvalue of the inertia tensor 86.7

Minimum eigenvalue of the inertia tensor 80.0

Number of the fragments

(see a) 80.0

(see a) 80.0

86.0

7C7 90.3

7C 80.7

80.0

7O7 80.0

83.0

a is an aromatic bond.

C
C

C

C C

C C C

C

C
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classification of these compounds into musk and non-musk
odorants (Table 4). For testing of the predictive ability of the
obtained descriptors, a test set of compounds has been used. This
set contained 121musk and 120 non-musk odorants not present in
the initial set. As a result, 109 out of 121 musk odorants (90.1%)
and 117 out of 120 non-musk odorants (97.5%) were recognised
correctly.

The problem of correlation of the structure and electronic
configurationwith an ambergris fragrance has been studied.247, 248

The authors have used a combined approach based upon a
combination of pattern recognition methods and quantum-chem-
ical calculations with the precise electron-topological analysis of
the potentially active parts of molecules. It appeared that the
ambergris fragrance is associated with the presence in the molec-
ular structure of so-called ambergris triangles.

7. Comparison of the accuracy of different methods of
similarity analysis in the prediction of compound properties
The comparison of the prediction accuracy for various properties
of chemical compounds by six methods (abbreviated as PCs, TIu,
TIs, AP, TEI, MNA) of similarity analysis has been carried
out.69, 88 The two initial sets consisted of 139 hydrocarbons with
known boiling points and 15 nitrosamines with known values of
mutagenicity. Three similarity methods (PCs, TIu, TIs) used the
Euclidian distances as the similarity measures. In these cases
various sets of the topological indices were used. These indices
were obtained from 96 TI by various procedures, decreasing the
dimensionality of the data.25 The fourth method (AP) is based on
the atomic pairs and the corresponding similarity measure (see
Sections III and IV). Other methods (TEI and MNA) used the
vectors composed from electrotopological indices and MNA
descriptors based on the atom-centred fragments [see the meas-
ures d9(X,Y ) and d5(X,Y ) in Section IV and also the Section III].
The kNN method with k=1 has been used for the estimation of
properties.

The data of Tables 5 and 6 indicate that in the first case, the
method TIs, which used the topological indices selected by the
VARCLUS procedure, was the best one.24 The informational
indices and the connectivity indices of Kier and Hall of various
orders were present in the selected set of ten TI (see Section III).
This may be explained 69 by the fact that the boiling point mainly

depends on the shape and the degree of branching of molecules.
Both these characteristics are described well by topological
indices. In the case of mutagenicity prediction (see Table 6), the
MNA and AP methods based on the fragments performed better
and the TEI method was at the third place. In this particular case,
the TEI method is better than TI-based methods because the
prediction of mutagenicity requires additional information about
physicochemical characteristics of the molecules and exactly this
information is contained in the electrotopological indices.69

8. Construction of QSiAR models
The QSiAR model of affinity of fourteen N-substituted
3-(3-hydroxyphenyl)piperidines (Table 7) towards a s-receptor
(pIC50) has been created.104 TheMeyer index SAB (see Section IV)
has been used as a measure of similarity of the structures A and B,
where A is the initial (unsubstituted) compound, B are all other
compounds of the set. The R and S enanthiomers of the corre-
sponding compounds were also taken into account. Two models
have been composed, each of them on the basis of seven sets of
compounds:
for R isomers (r2=0.750)

pIC50=70.04SAB+2.29,

for S isomers (r2=0.974)

pIC50=710.21SAB+9.30.

9. Study of the efficiency of the similarity analysis methods in
the prediction of biological activity
The cross-validation method has been used for the estimation of
efficiency of the similarity analysis methods in the prediction of
biological activity.69 One compound (numbered k) was excluded
from the database at each step of the procedure, and the
probability P(k) of this compound to be active was estimated:

P�k� � Ak

Ak � Bk

,

Ak=(n71)71
X

S1
i ,

Bk=(m71)71
X

S 0
j ,

Table 5. The comparison of efficiency of six methods of similarity analysis
in the prediction of hydrocarbons boiling points.69

Method r s

TIs 0.993 19.34

AP 0.986 26.26

MNA 0.985 27.89

TIu 0.983 29.36

PCs 0.966 41.29

TEI 0.959 45.37

Note. Here and in the Table 6, r is a correlation coefficient, s is a mean

square deviation.

Table 6. Comparison of the efficiency of six methods of similarity analysis
in the prediction of mutagenicity of nitrozoamines.69

Method r s

MNA 0.945 1.25

AP 0.944 1.26

TEI 0.931 1.43

TIu 0.923 1.47

PCs 0.830 2.33

TIs 0.740 2.67

Table 7. The values of affinity towards s-receptor (pIC50) and of the
Meyer indices (SAB) for the series of N-substituted 3-(3-hydroxyphenyl)-
piperidines.104

Compound SAB pIC50

(see a)

substituent configuration

H R 1.000 70.66

S 1.000 71.19

Me R 0.952 0.43

S 0.950 70.28

Et R 0.917 0.95

S 0.912 70.01

Prn R 0.881 1.52

S 0.877 0.81

Pri R 0.884 0.61

S 0.877 0.68

Bun R 0.849 2.05

S 0.845 1.51

EtC6H4 R 0.792 2.10

S 0.786 1.80

a IC50 is expressed in mmol litre71.
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where S1
i and S 0

j are the values of similarity measure between the
compound k and the active compound i and the inactive com-
pound j, respectively; n and m are the numbers of active and
inactive compounds in the training set, respectively. The summa-
tion in the expression forAk takes place over all i values from 1 up
to n (except for i= k). Similarly, the summation in the formula of
Bk takes place over all j from 1 to m (except for k= j ).

Let us assume that for each pair of compounds Mi and Mj ,
where Mi is an active compound and Mj is an inactive compound
(i=1, ... , n; j=1, ... , m), the values of probabilities P(i ) and
P( j ) are calculated, and N is the number of pairs, such that
P(i )>P( j ). The quantity IAP=N/mn (04 IAP4 1) was used
for the estimation of the prediction quality. A set of 17124
compounds with known values of 16 types of biological activity
were selected from the database MDDR 96.2 (MDL Information
System) as a training set for similarity analysis methods. Two
modifications of similarity methods (using the Tanimoto coeffi-
cient as a similarity measure), based upon the electrotopological
indices (TEI) and on the substructural descriptors (MNA), have
been studied. The average accuracy of the prediction in the first
case is equal to 86%, and in the second case, to 96%.

10. The optimal choice of k value in the kNN method
The efficiency of the clusterisation of molecules of various
chemical databases based upon the method of k nearest neigh-
bours depends on the choice of the parameter k.

The boiling points of 267 haloalkanes containing from 1 to 4
carbon atoms have been studied.249 The molecular similarity
(dissimilarity) was estimated in terms of Euclidian metrics in
eight-dimensional space of topological descriptors composed by
the principal component analysis from a set of 59 TI. The
correlation coefficients between the experimental and calculated
values are in the range of 0.85 ± 0.94. The chosen k values were
equal to 1 ± 10, 15, 20, 25. It was shown that the best standard
deviation corresponds to k=5 and equals to 23.7 8C. Similar
results were obtained in other studies.23, 250

11. Comparison of the efficiency of 2D and 3D descriptors in
the estimation of properties of compounds
Three new databases were created on the basis of
Medchem 94b database:186 (i) 8651 compounds with
known logPoctanol/water; (ii) 762 compounds with known
logPcyclohexane/water; (iii) 8416 compounds with known pKa .
Both 2D and 3D descriptors (four types) were used for coding of
the structures. Particularly, the vectors, components of which
were equal to the numbers of occurrences of fixed small fragments
in the structures (in one case 153 fragments called MACCS, in
another case 960 fragments called SSKEYS) were used. In order
to estimate the properties of compounds, the preliminary cluster-
isation of corresponding databases has been performed by various
methods and using the similarity measures. The property was
calculated as an average value of all the property values of the
corresponding cluster. The cross-validation procedure was
employed for the estimation of the prediction quality. For this
purpose, the compounds were taken out of the database one by
one, and then the value of a property for this compound was
calculated. These experimental and calculated property values
were compared and then the correlation coefficient and the root-
mean-square deviation of corresponding regression were calcu-
lated. It was found that 2D descriptors MACCS performed better
in all cases. Also, the comparison of the results of calculations of
logP for 7054 structures (out of 8651) was carried out by the
above-mentioned methods and by a special programme CLOGP.
The methods of molecular similarity yielded the values of r=0.95
and the root-mean-square deviation rmse=0.60, which is almost
as accurate as the results of the calculations by the well known
program CLOGP (r=0.96, rmse=0.49).

VIII. Conclusion

The molecular similarity concept (`similar compounds possess
similar properties') is very popular in theoretical and experimental
chemistry. One of the areas of its application, discussed in the
present review, is the prediction of properties of chemical com-
pounds on the basis of the `molecular similarity' concept. The
widespread computerisation of the chemical studies requires the
formalisation of this concept and the development of methods for
quantitative description of the degree of molecular similarity.
Nowadays there is a number of various similarity measures, which
usually deal with the structures only and are not related to any
physicochemical properties or biological activity of the molecules.
However, the measures may be optimally tuned to a specific task.

An important problem is the formalisation and approval of
the validity of concept `similar compounds possess similar proper-
ties'. As it was shown, the validity of this statement depends on the
class of compounds, on the studied property, on the selected
similarity measure, etc. The problem of formalisation of the
concept is discussed in the present review for the first time. It
was found that under certain conditions, this postulate is always
valid, and a qualitative proof of the unformalised postulate was
given.

On the basis of the analysis of published data, one can draw a
conclusion that the molecular similarity method used for the
prediction of properties of chemical compounds quite often yields
satisfactory results. In particular, one of the advantages of the
method is that the a priori knowledge of the type of the structure ±
property functional dependence is not required. Besides, the
whole structural formula (a molecular graph) is used for the
determination of some similarity measures and there is no need
to calculate anymolecular descriptors. The discovery of fullerenes
is an example of usefulness of the similarity concept in chemistry:
these unusual allotropes of carbon were first obtained in 1985,251

while their existence had been predicted approximately 15 years
earlier 252, 253 on the basis of a hypothesis about similarity of
electronic properties of planar polycondensed aromatic hydro-
carbons and spherical polyhedral polycyclic conjugated mole-
cules. This led to successful application to fullerenes of the
mathematical models based on the resonance theory and on the
HuÈ ckel method.

At the same time, it should be noted that the similarity method
has some problems. Among them are the correct choice of the
mathematical description of the structure, the selection of the
similarity measure and the choice of the method for estimation of
the properties of a compound on the basis of a similarity measure.
Analysis of literature shows that there are no strict and approved
methods for the solution of these problems and the selection is
intuitive. Probably, here is the right place to quote a remark given
by R Feynman in his Nobel lecture: `I think equation guessing
might be the bestmethod to proceed to obtain the laws for the part
of physics which is presently unknown'.254
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