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Organic compounds containing heteroatoms or multiple bonds can be conveniently represented as vertex-
and edge-weighted molecular graphs. These atom and bond parameters can be computed for any organic
compound with two parameter sets that we have recently defined, namely, the relative electronegativityX
and the relative covalent radiusY weighting schemes. Structural descriptors computed with these two
weighting schemes and the previously defined atomic numberZ parameter set are used to develop quantitative
structure-retention relationship (QSRR) models for alkylphenols in gas-liquid chromatography. The QSRR
models are generated with structural descriptors computed with several newly introduced graph operators,
namely, the Wiener, hyper-Wiener, minimum eigenvalue, maximum eigenvalue, Ivanciuc-Balaban, and
information on distance operators. These molecular graph operators were applied to the distanceD and the
reciprocal distanceRD matrixes.

INTRODUCTION

Among the several hundreds of chemical descriptors and
topological indices (TIs) that model the structure of organic
compounds using the graph representation of molecules,1-14

the large majority are defined only for simple graphs that
represent alkanes and cycloalkanes. The first cause of this
situation is that alkanes and cycloalkanes represent an ideal
class of compounds for investigating the influence of
chemical bonding, size, branching, cyclicity, and shape on
the variation of molecular properties. A large number of
mathematical relationships were discovered for the graph
descriptors of alkanes and cycloalkanes, and thus chemists
made important contributions to graph theory. However, apart
from the mathematical beauty and interest of such theorems
and relationships, the main chemical application of topologi-
cal indices remains that of structural descriptors in structure-
property and structure-biological activity models. Such
studies require the computation of topological indices for
molecular graphs containing heteroatoms and multiple bonds.
Usually, an organic compound containing heteroatoms or
multiple bonds can be represented as a vertex- and edge-
weighted molecular graph. The absence of a rigorous
mathematical theory of weighted graphs is the second cause
that prevented the computation of a large number of
molecular graph descriptors for organic compounds contain-
ing heteroatoms and multiple bonds.

Early applications of weighted molecular graphs are
connected with the computation of polynomials and spectra
of heteroconjugated compounds.15-19 Employing graphs

weighted with Hu¨ckel parameters, such methods can be used
to compute Hu¨ckel molecular orbitals but the results are more
general and can be applied to any weighted molecular graph.
Several particular methods of computing TIs from molecular
graphs containing heteroatoms or multiple bonds were
proposed for the calculation of specific structural descriptors,
giving valuable indices for quantitative structure-property
relationship (QSPR) and quantitative structure-activity
relationship (QSAR) models. Kier and Hall1,2 used the
valence atomic connectivityδv to define the connectivity
indices møt

v, the most successful class of topological indi-
ces, used in several hundreds of QSPR and QSAR studies.
The same atomic invariant was employed in the formula of
the electrotopological-state indices,20-22 a group of descrip-
tors that found important applications in establishing structure-
property models. Basak applied information theory to
compute the information content of the partitioning of atoms
in equivalence classes; this ingenious method allows the
computation of information theory indices for any organic
compound without the need for special parameters for
heteroatoms and multiple bonds.23-26 Balaban extended the
J index27 by proposing special atomic parameters based on
the electronegativity or atomic radius.28-32 The importance
of these four classes of molecular graph descriptors is
emphasized by their use in more than 1000 QSPR and QSAR
studies and by their incorporation in commercial molecular
modeling software. Other methods for computing TIs from
heteroatom-containing molecular graphs were proposed in
the literature,33-45 but their use is restricted to specific
structural descriptors that did not find a wide spread use in
molecular modeling.

Another important direction of research is represented by
the development of general sets of atom and bond parameters
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that can be applied for the computation of all structural
descriptors derived from vertex and edge contributions and
molecular matrixes.46-55 In the present paper we report a
comparative study of three general weighting schemes,
namely, the atomic numberZ,46 the relative electronegativity
X, and the relative covalent radiusY54 weighting schemes,
in quantitative structure-retention relationship (QSRR)
models for alkylphenols in gas-liquid chromatography. We
have to mention that theX and Y weighting schemes are
derived from the electronegativity and covalent radius
parameters used in the computation of the Balaban index
J.28 The QSRR models are generated with structural descrip-
tors computed with several newly introduced graph operators,
namely, the Wiener, hyper-Wiener, minimum eigenvalue,
maximum eigenvalue, Ivanciuc-Balaban, and information
on distance operators.

MOLECULAR MATRICES AND STRUCTURAL
DESCRIPTORS

The molecular graph operators were recently introduced
as an extension of topological indices; a graph operator uses
a mathematical equation to compute a family of related
molecular graph descriptors with different molecular matrixes
and various sets of parameters for atoms and bonds.56 The
use of molecular graph operators introduces a systematization
of topological indices by putting together all descriptors
computed with the same mathematical formula or algorithm.
As a consequence, when new molecular matrixes are
introduced, there is no need to invent new names and
symbols for the topological indices derived from them; the
notation of graph operators is simple and general and can
accommodate new matrixes, weighting schemes, and any
parameter used in the definition of a family of topological
indices. In this section we present the weighting schemes
and molecular graph operators that we use to compute the
structural descriptors. Because the graph operators are newly
introduced, we present several examples for the computation
of the structural descriptors used in this study.

Weighting Schemes.Using graph theory, an organic
compound containing heteroatoms or multiple bonds can be
represented as a vertex- and edge-weighted molecular graph.
A vertex- and edge-weighted (VEW) molecular graphG )
G(V,E,Sy,Bo,Vw,Ew,w) consists of a vertex setV ) V(G),
an edge setE ) E(G), a set of chemical symbols of the
vertexes Sy) Sy(G), a set of topological bond orders of
the edges Bo) Bo(G), a vertex weight set Vw(w) )
Vw(w,G), and an edge weight set Ew(w) ) Ew(G). The
elements of the vertex and edge weight sets are computed
with the weighting schemew. Usually, hydrogen atoms are
not considered in the molecular graph, and in a VEW graph
the weight of a vertex corresponding to a carbon atom is 0,
while the weight of an edge corresponding to a carbon-
carbon single bond is 1. Thus, the topological bond order
Boij of an edgeeij takes the value 1 for single bonds, 2 for
double bonds, 3 for triple bonds, and 1.5 for aromatic bonds.

A general approach of computing parameters for VEW
graphs was developed by Trinajstic´ and co-workers by
weighting the contributions of atoms and bonds with
parameters based on the atomic numberZ and the topological
bond order;46 a large variety of structural descriptors were
computed with this method. In the atomic number weighting

schemeZ the vertex parameter Vw(Z)i of the vertexVi

(representing atomi from a molecule) is defined as

whereZi is the atomic numberZ of the atomi andZC ) 6
is the atomic numberZ of carbon. The edge parameter
Ew(Z)ij that characterizes the bond between atomsi and j
(represented in the molecular graph by the edgeeij between
vertexesVi and Vj) is defined with the following equation:

where Boij is the topological bond order of the edge between
vertexesVi andVj.

In the relative electronegativityX weighting scheme the
vertex parameter Vw(X)i of the vertexVi is defined with the
equation54

The edge parameter Ew(X)ij that characterizes the bond
between atomsi and j (represented in the molecular graph
by the edgeeij between vertexesVi andVj) is computed with
the equation

Values of the relative electronegativitiesX for some atoms
are presented in Table 1, column 3.

In the relative covalent radiusY weighting scheme the
parameter of the vertexVi, Vw(Y)i, is computed with the
formula54

The edge parameter Ew(Y)ij that characterizes the bond
between atomsi and j is computed with the equation

Computed relative covalent radiiY for various elements are
presented in Table 1, column 4.

A selected set of atomic properties used in the weighting
schemesX, Y, andZ are presented in Table 1. These values
can be used to compute the vertex and edge weights Vw
and Ew for a large number of organic compounds. The atom
and bond parameters computed with the relative electro-

Table 1. Selected Set of Atomic Properties Used with Different
Weighting Schemes: Atomic NumberZ, Relative Electronegativity
X, and the Relative Covalent RadiusY

element Z X Y

B 5 0.851 1.038
C 6 1.000 1.000
N 7 1.149 0.963
O 8 1.297 0.925
F 9 1.446 0.887
Si 14 0.937 1.128
P 15 1.086 1.091
S 16 1.235 1.053
Cl 17 1.384 1.015
As 33 0.946 1.379
Se 34 1.095 1.341
Br 35 1.244 1.303
Te 52 0.954 1.629
I 53 1.103 1.591

Vw(Z)i ) 1 - ZC/Zi ) 1 - 6/Zi (1)

Ew(Z)ij ) ZCZC/BoijZiZj ) 6 × 6/BoijZiZj (2)

Vw(X)i ) 1 - 1/Xi (3)

Ew(X)ij ) 1/BoijXiXj (4)

Vw(Y)i ) 1 - 1/Yi (5)

Ew(Y)ij ) 1/BoijYiYj (6)
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negativityX and the relative covalent radiusYhave a periodic
variation versus the atomic number Z, which is more
chemically oriented when compared with the parameters
derived from theZ weighting scheme.

Molecular Matrixes. The large majority of the topological
indices proposed in the literature were derived from the
adjacency and the distance matrixes. Recently, several new
molecular matrixes were defined and used to compute new
structural descriptors.13 In the present paper the graph
descriptors are computed from two molecular matrixes,
namely, the distanceD and reciprocal distanceRD matrixes.

The distance matrixD(w) ) D(w,G) of a vertex- and edge-
weighted molecular graphG with N vertexes is the symmetric
squareN × N matrix with real elements defined with the
formula

where Vw(w)i is the weight of the vertexVi, d(w)ij is the
distance between vertexesVi andVj, andw is the weighting
scheme used to compute the parameters Vw and Ew. The
distanced(w)ij between a pair of vertexesVi andVj is equal
to the lengthl(pij,w) of the shortest pathpij connecting the
two vertexes, where the length of the pathpij is equal to the
sum of the edge parameters Ew(w)ij for all edges along the
path.

The reciprocal distance matrixRD(w) ) RD(w,G) of a
vertex- and edge-weighted molecular graphG with N
vertexes is the squareN × N symmetric matrix with real
elements defined with the equation57-60

where [D(w)] ij is the element corresponding to vertexesVi

andVj from the distance matrixD, [D(w)] ii is the diagonal
element corresponding to vertexVi, andw is the weighting
scheme used to compute the parameters Vw and Ew. As an
example of computing the reciprocal distance matrix consider
methyl vinyl ether1 and its corresponding molecular graph
2.

Using the parameters from Table 1, one obtains the vertex-
and edge-weighted distance matrix of graph2 computed with
the relative electronegativity weighting schemeX:

From the above distance matrix and eq 8 one obtains the
reciprocal distance matrix of methyl vinyl ether modeled by
graph2, RD(X,2):

Vertex Sum Operator. Consider the vertexVi from a
graph G with N vertexes and a symmetric graph matrix
M (w) ) M (w,G) computed with the weighting schemew.
The vertex sum of vertexVi, VS(M ,w)i ) VS(M ,w,G)i, is
defined as the sum of the elements in the columni, or row
i, of the molecular matrixM :12,55,56

For all vertexes in graphG, this vector is a local (atomic)
invariant that is used to define several molecular graph
descriptors. The vertex sums of the matrixesD(X,2) and
RD(X,2) are

Wiener Operator and Indices. Consider the VEW
molecular graphG with N vertexes and its symmetric
molecular matrix M (w) ) M (w,G) computed with the
weighting schemew. The Wiener operatorWi (M ,w) )
Wi (M ,w,G) is12,55,56

The Wiener indices computed from the matrixesD(X,2)
and RD(X,2) are Wi (D,X,2) ) 7.126 andWi (RD,X,2) )
6.748.

Hyper-Wiener Operator and Indices. Consider the
vertex- and edge-weighted graphG with N vertexes and its
molecular matrix M (w) ) M (w,G) computed with the
weighting schemew. The hyper-Wiener operatorHy-
Wi (M ,w) ) HyWi (M ,w,G) of the VEW graphG is:12,55,56

Topological indices computed with the hyper-Wiener opera-
tor were used to develop structure-property models for the
boiling points of ethers, peroxides, acetals, and their sulfur
analogues.54 The hyper-Wiener indices obtained from the
matrixesD(X,2) andRD(X,2) areHyWi (D,X,2) ) 8.390 and
HyWi (RD,X,2) ) 7.722.

Matrix Spectrum Operator and Indices. Consider the
VEW graph G with N vertexes and its molecular matrix
M (w) ) M (w,G) computed with the weighting schemew.
The matrix spectrum operatorSp(M ,w,G) ) {xi, i ) 1, 2,
..., N} represents the eigenvalues of the matrixM (w) or the
roots of the polynomialCh(M ,w,G,x), Ch(M ,w,G,x) ) 0.53

TheMinSp(M ,w,G) andMaxSp(M ,w,G) operators are equal
to the minimum and maximum values ofSp(M ,w,G),
respectively:12,55,56

[D(w)] ij ) {Vw(w)i if i ) j
d(w)ij if i * j

(7)

[RD(w)] ij ) {[D(w)] ij
-1 if i * j

[D(w)] ii if i ) j
(8)

VS(M ,w,G)i ) ∑
j)1

N

[M (w)] ij ) ∑
j)1

N

[M (w)] ji (9)

VS(D,X,2) ) {4.355, 3.042, 2.813, 3.813}
VS(RD,X,2) ) {2.435, 3.610, 3.946, 3.276}

Wi (M ,w,G) ) ∑
i)1

N

∑
j)i

N

[M (w)] ij (10)

HyWi (M ,w,G) ) 1/2∑
i)1

N

∑
j)i

N

([M (w)] ij
2 + [M (w)] ij) (11)
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Molecular graph descriptors computed with these two
spectral operators were used with success in QSPR studies
to estimate the boiling points of acyclic compounds contain-
ing oxygen or sulfur atoms54 and to model the boiling points,
heat of vaporization, molar refraction, molar volume, critical
pressure, critical temperature, and surface tension of al-
kanes.60,61The spectra of the distance and reciprocal distance
matrixes of methyl vinyl ether computed with the weighting
schemeX are

One must note that the BCUT descriptors,62-65 widely used
as a molecular diversity measure and for the virtual screening
of combinatorial libraries, are computed with the same
formula as theMinSp andMaxSp operators, using molecular
matrixes weighted with a different set of parameters.

Ivanciuc-Balaban Operator and Indices. The Ivan-
ciuc-Balaban operator54 of a VEW graphG, IB (M ,w) )
IB (M ,w,G), is computed with a formula modeled after
Balaban’s indexJ:27

whereVS(M ,w)i andVS(M ,w)j denote the vertex sums of
the two adjacent vertexesVi andVj that are incident with an
edgeeij in the molecular graphG, M is the number of edges
in the molecular graph,µ is the cyclomatic number (the
number of cycles in the graph,µ ) M - N + 1, whereN is
the number of atoms of the molecular graph),w is the
weighting scheme, and the summation goes over all edges
from the edge setE(G). The molecular graph2 is acyclic
and has four vertexes and three edges, giving the factorM/
(µ + 1) ) 3/(0 + 1) ) 3; using the vertex sumsVS(D,X,2)
andVS(RD,X,2), eq 14 gives the corresponding Ivanciuc-
Balaban indices:

Information on Distance Operators. The indicesU, V,
X, andY using information on distances were defined for
the distance matrix of simple graphs representing al-
kanes.66-68 The extension of such indices to vertex- and edge-
weighted graphs considers the possibility that the molecular
matrix of a VEW graph may contain negative elements or
elements with values between 0 and 1. The graph vertex
operatorsVUinf (M ,w,G), VVinf (M ,w,G), VXinf (M ,w,G),
andVYinf (M ,w,G) apply the information theory equations
to the absolute values of the elements of the molecular matrix
M (w,G).69,70 All three weighting schemes have atomic
weights Vw with negative values for certain elements:
Vw(Z,B) ) -0.200, Vw(X,B) ) -0.175, Vw(X,Si) )
-0.067, Vw(X,As) ) -0.057, Vw(X,Te) ) -0.048,

Vw(Y,N) ) -0.038, Vw(Y,O) ) -0.081, and Vw(Y,F) )
-0.127. Also, it is possible that with certain weighting
schemes the edge parameters Ew have negative values.
Because the logarithm is defined only for positive arguments,
the four graph vertex operators are computed from the
elements of a positive matrixP(w) ) P(w,G) whose element
[P(w)] ij is equal to the absolute value of the corresponding
element from theM (w) matrix, element [P(w)] ij ) |[M (w)] ij|.
The graph vertex operators are defined with the following
equations:69

whereVS(P,w)i is the vertex sum of the vertexVi computed
from the matrix P, w is the weighting scheme, and the
summations in formulas (15) and (18) are done for the
absolute values of the nonzero elements of the molecular
matrix P, [P(w)] ij * 0. For the notation of the four graph
vertex operatorsVUinf (M ,w,G), VVinf (M ,w,G), VXinf -
(M ,w,G), and VYinf (M ,w,G), we have maintained the
molecular matrixM to indicate the source of the invariants.

Because certain matrix elements [M ] ij may have values
lower than 1, their logarithm gives negative values. In such
conditions, some terms of the four graph vertex operators
may have negative values, and the Randic´-like formula used
in the case of the topological indicesU, V, X, andY cannot
be used. The bond contribution of the information on
distances invariants is computed with the following equation:

The information on matrix elements operatorsU(M ,w),
V(M ,w), X(M ,w), andY(M ,w) is computed with the equa-
tions

MinSp(M ,w,G) ) min{Sp(M ,w,G)} (12)

MaxSp(M ,w,G) ) max{Sp(M ,w,G)} (13)

Sp(D,X,2) ) {3.591,-0.313,-0.627,-2.422}
Sp(RD,X,2) ) {3.395, 0.128,-1.214,-2.080}

IB (M ,w,G) )
M

µ + 1
∑
E(G)

[VS(M ,w)i VS(M ,w)j]
-1/2 (14)

IB (D,X,2) ) 3[(4.355× 3.042)-1/2 +
(3.042× 2.813)-1/2 + (2.813× 3.813)-1/2] ) 2.766

IB (RD,X,2) ) 3[(2.435× 3.610)-1/2 +
(3.610× 3.946)-1/2 + (3.946× 3.276)-1/2] ) 2.641

VUinf (M ,w,G)i ) - ∑
j)1

N [P(w)] ij

VS(P,w)i

log2[ [P(w)] ij

VS(P,w)i
] (15)

VVinf (M ,w,G)i ) VS(P,w)i log2 VS(P,w)i -
VUinf (M ,w)i (16)

VXinf (M ,w,G)i ) VS(P,w)i log2 VS(P,w)i -
VYinf (M ,w)i (17)

VYinf (M ,w,G)i ) ∑
j)1

N

[P(w)] ij log2[P(w)] ij (18)

f(x,y) ) {(xy)-1/2 if xy > 0

-(|xy|)-1/2 if xy < 0
(19)

U(M ,w,G) )
M

µ + 1
∑
E(G)

f(VUinf (M ,w)i, VUinf (M ,w)j)

(20)

V(M ,w,G) )
M

µ + 1
∑
E(G)

f(VVinf (M ,w)i, VVinf (M ,w)j)

(21)

X(M ,w,G) )
M

µ + 1
∑
E(G)

f(VXinf (M ,w)i, VXinf (M ,w)j)

(22)

Y(M ,w,G) )
M

µ + 1
∑
E(G)

f(VYinf (M ,w)i, VYinf (M ,w)j)

(23)
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The computation of the information on distances operators
U(M ,w), V(M ,w), X(M ,w), and Y(M ,w) is presented for
methyl vinyl ether2. From the distance matrixD(X,2) one
obtains the four vertex vectorsVUinf (D,X,2), VVinf (D,X,2),
VXinf (D,X,2), andVYinf (D,X,2):

The VYinf (D,X,2) for vertex 2 in the molecular graph2
is negative, and in this case the modified Randic´ formula
(19) must be used to compute the correspondingY(D,X,2)
index. Using the formulas (20-23) one computes the four
information theory indices:U(D,X,2) ) 5.818,V(D,X,2) )
2.382,X(D,X,2) ) 1.788, andY(D,X,2) ) -6.333.

The second example presents the computation of the
descriptorsU, V, X, and Y derived from the reciprocal
distance matrix of methyl vinyl ether2. The elements of the
reciprocal distance matrixRD(X,2) are used to compute the
four vertex vectorsVUinf (RD,X,2), VVinf (RD,X,2), VX-
inf (RD,X,2), andVYinf (RD,X,2):

For the vertex 1 in the molecular graph2 the atomic
invariantVYinf (RD,X,2) is negative, and again the modified
Randićformula (19) must be used to compute theY(RD,X,2)
index. The four information theory indices derived from the
reciprocal distance matrix areU(RD,X,2) ) 5.866,V(RD,X,2)
) 2.163,X(RD,X,2) ) 1.717, andY(RD,X,2) ) -3.596.

METHOD

Data. The identification of organic compounds from a
mixture can be made with the method of chromatographic
peak comparison with a standard sample of the each
compound. Because samples of pure compounds are not
always available, it is important to develop QSRR models
that can efficiently predict retention parameters by using
theoretical descriptors computed from the chemical structure.
Chromatographic retention is a physical phenomenon that
is primarily dependent on the interactions between the solute
and the stationary phase. With the aid of QSRR the
interactions associated with this phenomenon for any given
stationary phase can be related to the constitutional, molec-
ular graph (topological), geometric, electrostatic, and quan-
tum descriptors of the molecules.71-75 In the present study
we will develop QSRR models for alkylphenols in gas-
liquid chromatography with the aid of structural descriptors
computed from the molecular graph. The structure of the
alkylphenols and their experimental Kova´ts retention indices
(RIs)76 are presented in Table 2. The retention indices were
determined on a column packed with 5% hexaphenyl ether
on Chromatone N AW HMDS (0.16-0.20 mm) at 160°C.

Structural Descriptors. The list of the 60 structural
descriptors used in the QSPR study is presented as follows:

(1) the molecular weight,MW ; (2) the Kier and Hall’s
valence connectivity indices0øV, 1øV, 2øV, 3øp

V, 3øc
V;1,2 (3)

Wiener indices computed with the Wiener operatorWi(M ,w);
(4) hyper-Wiener indices computed with the hyper-Wiener
operatorHyWi (M ,w); (5) the spectral operatorsMinSp(M ,w)
and MaxSp(M ,w); (6) the Ivanciuc-Balaban operator
IB (M ,w); (5) the information-theory operatorsU(M ,w),
V(M ,w), X(M ,w), andY(M ,w).

QSPR Model.All studies that develop QSPR models from
a large set of computed descriptors use a wide range of
algorithms for selecting significant descriptors. Because the
exhaustive test of all multilinear regression (MLR) equations

VUinf (D,X,2) ) {1.485, 1.811, 1.430, 1.395}
VVinf (D,X,2) ) {7.759, 3.072, 2.767, 5.968}
VXinf (D,X,2) ) {6.467, 5.508, 4.023, 5.320}

VYinf (D,X,2) ) {2.777,-0.626, 0.174, 2.043}

VUinf (RD,X,2) ) {1.458, 1.793, 1.453, 1.339}
VVinf (RD,X,2) ) {1.669, 4.892, 6.360, 4.271}
VXinf (RD,X,2) ) {3.550, 6.471, 5.732, 4.386}
VYinf (RD,X,2) ) {-0.423, 0.214, 2.081, 1.223}

Table 2. Structure and Retention Indices (RI) of Alkylphenols and
Calibration and Prediction Residuals Computed with the QSRR
Model Represented by Equation 26 from Table 3

RI

compd expt rescalc
a respr

b

phenol 1281 19 24
2-methylphenol 1354 6 7
3-methylphenol 1386 -8 -9
4-methylphenol 1385 -16 -18
2-ethylphenol 1430 14 15
3-ethylphenol 1483 15 16
4-ethylphenol 1473 -4 -4
2,3-dimethylphenol 1495 0 0
2,4-dimethylphenol 1456 -6 -6
2,5-dimethylphenol 1453 -10 -11
2,6-dimethylphenol 1416 9 10
3,5-dimethylphenol 1489 -12 -14
3,4-dimethylphenol 1530 2 2
4-isopropylphenol 1527 -32 -34
2-n-propylphenol 1502 12 13
3-n-propylphenol 1565 22 23
4-n-propylphenol 1563 10 10
2-ethyl-4-methylphenol 1523 -10 -10
2-ethyl-5-methylphenol 1529 -7 -7
2-ethyl-6-methylphenol 1485 -15 -17
3-ethyl-5-methylphenol 1581 3 3
4-ethyl-2-methylphenol 1539 -1 -1
4-ethyl-3-methylphenol 1608 10 10
2,3,4-trimethylphenol 1638 15 16
2,3,5-trimethylphenol 1593 8 9
2,3,6-trimethylphenol 1551 -7 -8
2,4,5-trimethylphenol 1593 2 3
3,4,5-trimethylphenol 1667 -4 -5
4-sec-butylphenol 1612 -44 -54
2-n-butylphenol 1600 15 16
3-n-butylphenol 1668 29 31
4-n-butylphenol 1661 11 12
2-methyl-4-n-propylphenol 1623 3 3
2-methyl-6-n-propylphenol 1553 -25 -28
3-methyl-6-n-propylphenol 1602 -13 -14
4-methyl-2-n-propylphenol 1593 -17 -18
2,4-diethylphenol 1602 -12 -13
2,5-diethylphenol 1624 5 5
3,4-diethylphenol 1682 -9 -9
2,3,4,5-tetramethylphenol 1782 33 41
2,3,4,6-tetramethylphenol 1690 9 11
2,3,5,6-tetramethylphenol 1683 2 2
2-ethyl-4,5-dimethylphenol 1656 -10 -10
2-n-pentylphenol 1700 11 13
4-n-pentylphenol 1765 10 11
4-tert-pentylphenol 1703 -3 -7
2-ethyl-5-n-propylphenol 1706 1 1
2-n-hexylphenol 1800 -3 -4
4-n-hexylphenol 1871 0 0
3-n-butyl-6-ethylphenol 1807 -5 -5

a The calibration residual computed with eq 26, rescalc ) RIexpt -
RIcalc. b The leave-one-out prediction residual of the MLR model
represented by eq 26, respr ) RIexpt - RIpr.
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requires too large computational resources, we have used a
heuristic method for descriptor selection. This heuristic
algorithm starts from the set of 60 structural descriptors and
develops QSPR models by applying the following steps:

(1) biparametric regression equations are computed with
all possible pairs of descriptors. The most significant 200
pairs of molecular descriptors were used in the next step.

(2) To an MLR model containingn descriptors, a new
descriptor is added to generate a model withn + 1
descriptors.

(3) The most significant 200 MLR models containing
n + 1 descriptors are selected.

Steps 2 and 3 are repeated until MLR models with a certain
maximum number of descriptors are obtained.

RESULTS AND DISCUSSION

In a previous QSRR study of this set of 50 phenols the
following biparametric model was obtained:77

where3øp
V is a Kier and Hall connectivity index1,2 andSz(P)

is the Szeged index computed with the weighting scheme
P,55 computed from atomic polarizability values.78 A slight
improvement of this QSRR model was obtained with the
use of theX information index computed from the three-
dimensional molecular matrix3D:70

With the 60 structural descriptors employed in this study
we have obtained several QSRR models that show a
significant improvement over these two equations. Several
tests with QSRR models containing from two to five
structural descriptors indicated that the highest Fisher test is
obtained for the equations with four topological indices. In
Table 3 we present the coefficients, confidence interval,
structural descriptors, and statistical indices for the best ten
QSRR models, eqs 26-35, with four independent variables
that model the phenol retention indices.

It is well-known that correlational analysis develops
structure-property models by proposing statistical relation-
ships between molecular descriptors and a physical, chemical,
or biological property; we have to point out here that a good
statistical model does not imply a causal relationship between
molecular descriptors and the investigated property. Cor-
relations can be observed not only because a causal relation-
ship exists between a set of descriptors and a property but
also due to statistical bias resulting from experimental errors
in measuring the property, or even due to chance alone. When
a correlation appears due to errors or chance factors, the
resulting QSPR model has no scientific content and offers
misleading conclusions. Topliss et al. demonstrated that such
a situation can easily occur if large numbers of structural
descriptors are screened for potential inclusion into the final
correlation equation.79,80Several model validation techniques
were developed with the aim of distinguishing between true
and random correlations and of estimating the predictive
power of a QSPR model.81 For the QSRR models represented

RI ) 1132.209+ 169.2743øp
V + 0.9137Sz(P)24

n ) 50 r ) 0.9528 s ) 38 F ) 232 (24)

RI ) 1662.97+ 233.9463øp
V - 767.255X(3D)

n ) 50 r ) 0.9566 s ) 37 F ) 253 (25)
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by the eqs 26-35 in Table 3 we have used the leave-one-
out (LOO) cross-validation procedure; the statistical indices
obtained for prediction (correlation coefficientrpr and
standard deviationspr) are reported in the last two columns
of Table 3. The ten QSRR models from Table 3 are arranged
in the ascending order ofspr.

Compared with the previously obtained structure-reten-
tion models70,77 for the set of alkylphenols from eqs 24 and
25, the QSRR models reported in this paper are significantly
better, with a standard deviation 2.5 times smaller. Although
eqs 26-35 have four descriptors each, the Fisher testF is
several times higher, compared with theF indices from eqs
24 and 25 that have two descriptors each. The values of the
statistical indices of eqs 26-35 show that the ten QSRR
models, although obtained with different sets of structural
descriptors, have close statistical quality. From the data set
investigated in this paper, it is not possible to select only
one QSRR model as the best one, because the differences
in the statistical indices are small; this situation appears
frequently whenever statistical models are developed from
a large pool of structural descriptors. The analysis of the
topological indices selected in eqs 26-35 offers the pos-
sibility of studing the distribution of weighting schemes,
molecular matrixes, graph operators, and structural descrip-
tors.

Using various atomic properties, the weighting schemes
employed in this study offer the atom and bond parameters
for the computation of the topological indices. The cor-
relational ability of the structural descriptors depends heavily
on the weighting scheme; those computed with atomic
numberZ were selected in the majority of cases:Z, 16 times;
Y, 12 times;X, 6 times. The conclusion of these results is
that all three weighting schemes are useful and provide
structural invariants with a good correlational power, but
further experiments are required to determine if this fre-
quency order is a particular behavior or represents a more
general trend.

An analysis of the presence of the molecular matrixes in
the structural descriptors selected in eqs 26-35 shows that
the reciprocal distance matrixRD was selected 27 times,
while the distance matrixD was selected only 7 times. Until
recently, the molecular graph descriptors were mainly
calculated from the adjacency and distance matrixes. Our
finding indicates that the structural descriptors computed
from the recently introduced reciprocal distance matrix may
be more suitable for developing relevant structure-property
models.

From the large set of structural descriptors tested in the
QSRR models, several were not selected in eqs 26-35:
Wi (M ,w), HyWi (M ,w), IB (M ,w), U(M ,w), and V(M ,w).
These results indicate that in our particular QSRR model
the above descriptors are not relevant; however, this finding
does not rule out their utility in other QSPR or QSAR
models. From the remaining graph operators, the structural
descriptors computed with the spectral operatorMinSp were
selected with a higher frequency:MinSp(RD,w), 20 times;
X(RD,w), 7 times;Y(D,w), 4 times;MaxSp(D,w), 3 times.
This analysis shows again the importance of the reciprocal
distance matrix, because the selectedMinSp andX descrip-
tors were computed only with theRD matrix.

Finally, we direct our attention to the frequency of
individual structural descriptors. Two descriptors are found

in each QSRR model from eqs 26-35 namely, Min-
Sp(RD,Z), and MinSp(RD,Y). The MinSp operator is a
measure of molecular shape and branching, relatively
independent of the molecular size. The connectivity index
3øp

V appears in six QSRR models, and this is the single
descriptor from its class selected in eqs 26-35. The index
3øp

V represents the weighted contribution of subgraphs,
containing butane-like subgraphs and it is a measure of
molecular size and shape.

An examination of the QSRR models from Table 3 reveals
their high similarity in what concerns the structural descrip-
tors involved. This situation indicates that the selection
algorithm converged to a stable set of statistically good
equations that have only small differences. Also, a compari-
son of the statistical indices from Table 3 shows that the
statistical differences of the QSAR models in eqs 26-35
are not high. We will now examine in detail eq 26 because
it gives the best leave-one-out prediction results. In Table 2
we give the residuals in calibration (rescal) and prediction
(respr) computed with eq 26. These results show that the
predictions are as good as the calibration data, indicating
that the model is stable and can be used for predicting the
retention indices of new alkylphenols.

The strong intercorrelation between structural descriptors
from a MLR equation may lead to misinterpretation of the
corresponding structure-activity model. The algorithm used
in this work does not test the intercorrelation of the structural
descriptors selected in a MLR equation, and the final QSRR
models can contain highly intercorrelated independent vari-
ables. In Table 4 we give the intercorrelation matrix of the
four structural descriptors in eq 26 together with the
individual correlation coefficients of the four descriptors with
the retention indices of alkylphenols (i.e. in monoparametric
correlations). From this matrix one can see thatMin-
Sp(RD,Z) and MinSp(RD,Y) have a very high intercorre-
lation coefficient, equal to 0.980. Considering this special
situation and the fact that this QSRR model gives the best
results, we will investigate in detail a method of avoiding
this problem. Also, we will determine if both descriptors must
be present in the QSRR model in order to obtain a high
correlation or if one of them can be deleted without greatly
influencing the correlational power of eq 26.

Several techniques can be applied to overcome the problem
of highly intercorrelated descriptors: PCA, PLS, or Randic´’s
sequential orthogonalization. We have selected the recently
defined sequential orthogonalization82 that was applied with
success in numerous QSPR and QSAR studies.83-95 In
practice, the sequential orthogonalization of descriptors can
be used to simplify QSPR and QSAR models that contain
many intercorrelated descriptors, by removing the variables
with a small contribution. Recently it was found that this
statistical method can give better results than the neural

Table 4. Intercorrelation Matrix of the Structural Descriptors in
Equation 26 from Table 3 and Correlation Coefficient between Each
Descriptor and the Experimental Retention Index

1 2 3 4
3øp

V 1 1.000 0.721 -0.486 -0.504
MaxSp(D,Z) 2 0.721 1.000 0.096 0.111
MinSp(RD,Z) 3 -0.486 0.096 1.000 0.980
MinSp(RD,Y) 4 -0.504 0.111 0.980 1.000

RI 5 0.907 0.857 -0.250 -0.303
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networks94 or the heuristic algorithm implemented in CODES-
SA.95

In the sequential orthogonalization algorithm, a descriptor
from the set of intercorrelated structural descriptors can be
made orthogonal by removing the part of its information
content that it shares with the other descriptors in the set.
The order in which descriptors are orthogonalized is impor-
tant, because it strongly affects the information content of
the thus obtained orthogonal descriptors. We apply the
orthogonalization algorithm to the four descriptors in eq 26
considered in the order from Table 3. The scope is to
orthogonalize the set of structural descriptors to obtain the
orthogonalized set of descriptorsΩ(3øp

V), Ω(MaxSp(D,Z)),
Ω(MinSp(RD,Z)), andΩ(MinSp(RD,Y)). For the set of four
intercorrelated structural descriptors orthogonalized in the
order3øp

V, MaxSp(D,Z), MinSp(RD,Z), andMinSp(RD,Y),
the construction of the orthogonal descriptors follows the
following steps:

(1) The first orthogonal descriptorΩ(3øp
V) is identical with

the original descriptor3øp
V:

(2) The linear regression equation between the second
descriptorMaxSp(D,Z) and orthogonal descriptorΩ(3øp

V)
is computed:

The second orthogonal descriptorΩ(MaxSp(D,Z)) is the
residual of the above equation, i.e., the difference between
its real valueMaxSp(D,Z) and that computed with eq 37:

(3) The orthogonalization of the third descriptor begins
with the computation of the linear regression equation
between descriptorMinSp(RD,Z) and orthogonal descriptor
Ω(3øp

V):

The residual of eq 39 givesΩ(MinSp(RD,Z))1, the part of
MinSp(RD,Z) that is orthogonal toΩ(3øp

V):

The vectorΩ(MinSp(RD,Z))1 is then orthogonalized against
Ω(MaxSp(D,Z)) by computing the linear regression equation
between these two descriptors:

Finally, the third orthogonal descriptorΩ(X3) is the residual
of eq 41:

(4) Using a similar procedure, the fourth descriptor is
orthogonalized against the first three orthogonal descriptors,
to give Ω(MinSp(RD,Y)).

The structure-property model from eq 26 is computed
with the orthogonal descriptorsΩ(3øp

V), Ω(MaxSp(D,Z)),
Ω(MinSp(RD,Z)), andΩ(MinSp(RD,Y)):

We have to point out that eqs 26 and 43 have identical
statistical indices (correlation coefficientr, standard deviation
s, and Fisher testF). The leave-one-out cross-validation
statistical indices,rpr ) 0.9911 andspr ) 17, are equal to
those obtained with eq 26, which has nonorthogonal descrip-
tors. We will now turn our attention to the possibility of
generating from eq 26 a simpler QSRR model by deleting
one of the highly intercorrelated descriptors, eitherMin-
Sp(RD,Z) or MinSp(RD,Y). Of course, to be practical, such
a reduction must not degrade the statistical indices. After
deletingMinSp(RD,Y) we obtain the QSRR model:

It is clear that this equation that contains three structural
descriptors, with statistical indices comparable with those
obtained with the QSRR models with only two descriptors
from eqs 24 and 25, is not an interesting alternative to eq
26. The second possibility is to deleteMinSp(RD,Z), in
which case we obtain a QSRR equation with much lower
statistical indices than those from eq 26:

The results obtained with the QSRR models from eqs 44
and 45 clearly indicate that it is not possible to simplify eq
26 without losing a significant part of its modeling power.
A possibility of obtaining a simpler QSRR model is
suggested by the results of the orthogonalization of eq 26
The partial correlation coefficients of the four orthogonal
descriptors, i.e.,Ω(3øp

V), Ω(MaxSp(D,Z)), Ω(MinSp(RD,Z)),
andΩ(MinSp(RD,Y)), with the retention indices of alkyl-
phenols are 0.9065, 0.2936, 0.0015, and-0.2800. The
correlation coefficient of the third orthogonal descriptor,
Ω(MinSp(RD,Z)), with RI is very small, suggesting that the
contribution of this descriptor to the overall correlation can
be neglected. Indeed, if we delete this orthogonal descriptor
from the QSRR model, we obtain a regression equation with

Ω(3øp
V) ) 3øp

V (36)

MaxSp(D,Z) ) a2,1 + b2,1Ω(3øp
V) (37)

Ω(MaxSp(D,Z)) ) MaxSp(D,Z) - a2,1 - b2,1Ω(3øp
V)

(38)

MinSp(RD,Z) ) a3,1 + b3,1Ω(3øp
V) (39)

Ω(MinSp(RD,Z))1 )

MinSp(RD,Z) - a3,1 - b3,1Ω(3øp
V) (40)

Ω(MinSp(RD,Z))1 ) a3,2 + b3,2Ω(MaxSp(D,Z)) (41)

Ω(MinSp(RD,Z)) )
Ω(MinSp(RD,Z))1 - a3,2 - b3,2Ω(MaxSp(D,Z)) (42)

RI ) (1087.2( 142.8)+ (285.12( 37.44)Ω(3øp
V) +

(7.0617( 0.9273)Ω(MaxSp(D,Z)) +
(36.517( 4.795)Ω(MinSp(RD,Z)) -

(21304.1( 2797.6)Ω(MinSp(RD,Y))

n ) 50 r ) 0.9931 s ) 15 F ) 811 (43)

RI ) (1178.6( 325.9)+ (189.92( 52.52)3øp
V +

(7.021( 1.942)MaxSp(D,Z) +
(36.52( 10.10)MinSp(RD,Z)

n ) 50 r ) 0.9528 s ) 38 F ) 151 (44)

RI ) - (3375.2( 887.4)+ (123.40( 32.44)3øp
V +

(9.885( 2.599)MaxSp(D,Z) -
(2234.3( 587.5)MinSp(RD,Y)

n ) 50 r ) 0.9571 s ) 37 F ) 167 (45)
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three independent variables that has the same statistical
indices (r ands) as those of eqs 26 and 43:

Obviously, theF test is larger because eq 46 has only three
descriptors, but the coefficients are identical with those from
eq 43. The leave-one-out cross-validation statistical indices,
rpr ) 0.9911 andspr ) 17, are equal to those obtained with
eqs 26 and 43, which have four structural descriptors. We
have to mention that in eq 46 the orthogonal descriptor
Ω(MinSp(RD,Y)) is orthogonalized against three descrip-
tors, namely,Ω(3øp

V), Ω(MaxSp(D,Z)), andΩ(MinSp(RD,Z)).
In this way, although the orthogonal descriptorΩ(Min-
Sp(RD,Z)) is not explicitly present in eq 46, its values were
used to computeΩ(MinSp(RD,Y)). The generation of the
QSRR model from eq 46 was possible only because the
sequential orthogonalization of descriptors suggested simpler
structure-property models by removing the orthogonal
descriptors with a small contribution to the overall correla-
tion.

As already pointed before, the highly intercorrelated
descriptorsMinSp(RD,Z) or MinSp(RD,Y) contain similar
structural information; however, the results obtained with
eqs 44 and 45 indicate that it is not possible to simplify eq
26 by deleting one of the above two descriptors. The
conclusion is that although highly intercorrelated, both
MinSp(RD,Z) and MinSp(RD,Y) contain some important
structural information for the modeling of the retention
indices of phenols. Equation 46 shows that by using the
sequential orthogonalization of descriptors, it is possible to
eliminate the orthogonal descriptorΩ(MinSp(RD,Z)) and
to conserve the good statistical indices of the QSRR model.
We will now consider a slightly different orthogonalization
order of the descriptors, by interchanging the last two highly
intercorrelated descriptors, i.e.,Ω(3øpV), Ω(MaxSp(D,Z)),
Ω(MinSp(RD,Y)), andΩ(MinSp(RD,Z)). The correspond-
ing QSRR model has the same modeling power as the models
from eqs 26 and 43:

The partial correlation coefficients of the four orthogonal
descriptors, i.e.,Ω(3øp

V), Ω(MaxSp(D,Z)), Ω(MinSp(RD,Y)),
andΩ(MinSp(RD,Z)), with RI are 0.9065, 0.2936,-0.0900,
and 0.2652. The correlation coefficient between RI and the
third orthogonal descriptor,Ω(MinSp(RD,Y)), is small,
indicating that the contribution of this descriptor to the overall
correlation can be ignored. By deleting this orthogonal
descriptor from the QSRR model, we obtain a regression
equation with three independent variables that has statistical
indices slightly lower than those of eqs 26 and 43:

A comparison of eqs 46 and 48 shows that the best QSRR
model is offered by the former equation, indicating that the
orthogonalization order of the descriptors is essential for the
generation of significant structure-property models.

CONCLUDING REMARKS

Molecular graph descriptors represent valuable structural
descriptors that reflect the molecular size, shape, branching,
and structural influence of multiple bonds and heteroatoms.
They are extensively used to develop QSPR and QSAR,
alone or together with other classes of structural descriptors,
such as constitutional, geometrical, electrostatic, and quantum
descriptors. We have to mention that graph descriptors are
intended to complement (and not to substitute) the structural
information encoded into other classes of descriptors. The
interest of developing new molecular graph descriptors was
stimulated in recent years by their use in database mining,
virtual screening of combinatorial libraries, and similarity
and diversity assessment. In the present investigation we
made a comparative study of three general weighting
schemes, namely, the atomic numberZ, the relative electro-
negativity X, and the relative covalent radiusY weighting
schemes. Recently we have defined several molecular graph
operators as a convenient and efficient method to compute
from a unique mathematical equation a family of related
molecular graph descriptors; such an operator can be applied
to all molecular matrixes and sets of parameters for atoms
and bonds. Using the three weighting schemes, 60 structural
descriptors were computed with several graph operators,
namely, the Wiener, hyper-Wiener, minimum eigenvalue,
maximum eigenvalue, Ivanciuc-Balaban, and information
on distance operators. These descriptors were used to
generate quantitative structure-retention relationship models
for the retention indices of 50 alkylphenols in gas-liquid
chromatography.

The best QSRR model was obtained with four structural
descriptors, namely,3øp

V, MaxSp(D,Z), MinSp(RD,Z), and
MinSp(RD,Y), with good calibration (rcal ) 0.9931,scal )
15) and prediction (rpr ) 0.9911,spr ) 17) results. Since the
last two descriptors are highly intercorrelated, we have
applied to the above four parameters the sequential orthogo-
nalization of descriptors. Because the third orthogonal
descriptor,Ω(MinSp(RD,Z)), has a small contribution to the
overall QSRR model, we have obtained a simplified model
with the remaining three orthogonal descriptors, namely,
Ω(3øp

V), Ω(MaxSp(D,Z)), andΩ(MinSp(RD,Y)). The QSRR
model with these three orthogonal descriptors has the same
statistical indices (correlation coefficient and standard devia-
tion) as the QSRR model containing the four nonorthogonal
descriptors. In this way, the sequential orthogonalization
algorithm can be used to simplify a MLR model, by
removing the variables with a small contribution.

In the present study, all structural descriptors computed
from graph operators were computed from two molecular
matrixes, namely, the distanceD and reciprocal distanceRD

RI ) (1087.2( 111.2)+ (285.12( 29.16)Ω(3øp
V) +

(7.0617( 0.7222)Ω(MaxSp(D,Z)) -
(21304.1( 2178.6)Ω(MinSp(RD,Y))

n ) 50 r ) 0.9931 s ) 15 F ) 1105
(46)

RI ) (1087.2( 142.8)+ (285.12( 37.44)Ω(3øp
V) +

(7.0617( 0.9273)Ω(MaxSp(D,Z)) -
(2234.3( 293.4)Ω(MinSp(RD,Y)) +

(19186.9( 2519.5)Ω(MinSp(RD,Z))

n ) 50 r ) 0.9931 s ) 15 F ) 811 (47)

RI ) (1087.2( 140.8)+ (285.12( 36.93)Ω(3øp
V) +

(7.0617( 0.9147)Ω(MaxSp(D,Z)) +
(19186.9( 2485.3)Ω(MinSp(RD,Z))

n ) 50 r ) 0.9891 s ) 19 F ) 689 (48)
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matrixes. Several other molecular matrixes were proposed
in the literature to translate into a numerical form the
structure of a molecular graph:8,10-13 chi ø,96 BurdenB,97

edge adjacencyEA,98-100 laplacianL ,101-103 distance path
Dp,61,104,105distance deltaD∆,61,104,105reciprocal distance-path
RDp,60,61,104,105resistance distance matrixΩ,106,107detour∆,108

detour distance∆-D,108 distance-detour quotientD/∆,109 edge
WienerWe,110,111path WienerWp,110,111edge SzegedSze,112-114

path SzegedSzp,112-114 reciprocal SzegedRSzp,112-114 edge
Cluj Cje,113-117 and path ClujCjp.113-117 For various reasons,
the above matrixes were not used to derive structural
descriptors. The main reason is the absence of published
algorithms and parameters that enable the computation of
the above matrixes for vertex- and edge-weighted graphs,
because these matrixes were defined only for the molecular
graphs of alkanes and cycloalkanes. The edge and path
Wiener matrixes are defined only for simple, acyclic graphs
representing alkanes. The computation of the detour, detour-
distance, distance-detour quotient, edge Cluj, and path Cluj
matrixes require the enumeration of all paths in the molecular
graph, a very time-consuming algorithm for polycyclic
compounds.

Using various atomic properties, the three weighting
schemes employed in this study give the atom and bond
parameters for the computation of the structural descriptors.
All weighting schemes are useful and provide structural
invariants with a good correlational power, but those
computed withZ (computed from the atomic number) were
selected in the majority of cases, followed by those obtained
with Y (obtained from the relative covalent radius) andX
(generated from the relative covalent radius). In other QSPR
or QSAR studies this order may change, but the conclusion
is that all three weighting schemes give structural descriptors
with good correlational power in structure-property models.
A set of compounds such as the present one, containing just
a single heteroatom, cannot discriminate well the three scales
encoding information about heteroatoms; therefore, the
decision must await future studies involving databases
containing more than one species of heteroatoms.
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(51) Medić-Sarić, M.; Rendić, S.; Vestemar, V.; Saric´, S. A Comparative
Study of Some Topological Indices and log P in Structure-Property-
Activity Analysis of Phenylalkylamines.Acta Pharm.1993, 43, 15-
26.
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QSAR Approach to Physicochemical Properties of theR-Amino Acids.
Croat. Chem. Acta1995, 68, 435-450.
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Z. The Laplacian Matrix in Chemistry.J. Chem. Inf. Comput. Sci.
1994, 34, 368-376

(104) Diudea, M. V. Walk NumberseWM: Wiener-Type Numbers of Higher
Rank.J. Chem. Inf. Comput. Sci.1996, 36, 535-540.

(105) Diudea, M. V. Wiener and Hyper-Wiener Numbers in a Single Matrix.
J. Chem. Inf. Comput. Sci.1996, 36, 833-836.

(106) Klein, D. J.; Randic´, M. Resistance Distance.J. Math. Chem.1993,
12, 81-95.

(107) Bonchev, D.; Balaban, A. T.; Liu, X.; Klein, D. J. Molecular Cyclicity
and Centricity of Polycyclic Graphs. I. Cyclicity Based on Resistance
Distances or Reciprocal Distances.Int. J. Quantum Chem.1994, 50,
1-20.

(108) Ivanciuc, O.; Balaban, A. T. Design of Topological Indices. Part 8.
Path Matrixes and Derived Molecular Graph Invariants.MATCH
(Commun. Math. Chem.)1994, 30, 141-152.

(109) Randic´, M. On Characterization of Cyclic Structures.J. Chem. Inf.
Comput. Sci.1997, 37, 1063-1071.

(110) Randic´, M. Novel Molecular Descriptor for Structure-Property
Studies.Chem. Phys. Lett.1993, 211, 478-483.

(111) Randic´, M.; Guo, X.; Oxley, T.; Krishnapriyan, H. Wiener Matrix:
Source of Novel Graph Invariants.J. Chem. Inf. Comput. Sci.1993,
33, 709-716.

(112) Diudea, M. V.; Minailiuc, O.; Katona, G.; Gutman, I. Szeged Matrixes
and Related Numbers.MATCH (Commun. Math. Comput. Chem.)
1997, 35, 129-143.

(113) Diudea, M. V. Cluj Matrix Invariants.J. Chem. Inf. Comput. Sci.
1997, 37, 300-305.

(114) Diudea, M. V.; Paˆrv, B.; Topan, M. I. Derived Szeged and Cluj
Indices.J. Serb. Chem. Soc.1997, 62, 267-276.

(115) Diudea, M. V.; Paˆrv, B.; Gutman, I. Detour-Cluj Matrix and Derived
Invariants.J. Chem. Inf. Comput. Sci.1997, 37, 1101-1108.

(116) Diudea, M. V. Cluj Matrix, CJu: Source of Various Graph Descrip-
tors.MATCH (Commun. Math. Comput. Chem.)1997, 35, 169-183.

(117) Kiss, A. A.; Katona, G.; Diudea, M. V. Szeged and Cluj Matrixes
within the Matrix OperatorW(M1,M2,M3). Collect. Sci. Pap. Fac. Sci.
KragujeVac 1997, 19, 95-107.

CI990129W

WEIGHTING SCHEMES FORMOLECULAR GRAPH DESCRIPTORS J. Chem. Inf. Comput. Sci., Vol. 40, No. 3, 2000743


