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Discrete Derivatives for Atom-Pairs as a Novel Graph-
Theoretical Invariant for Generating New Molecular
Descriptors: Orthogonality, Interpretation and QSARs/
QSPRs on Benchmark Databases
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1 Introduction

In any process of molecular modeling (e.g. , QSPR/QSAR
studies, ligand-based virtual screening, and so on), the

need for molecular structure representation is critical and
its role is significant in finding appropriate predictive

Abstract : This report presents a new mathematical method
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(G) with respect to a given event (S) to codify chemical
structure information. The derivate over each pair of atoms
in the molecule is defined as @G/@S(vi , vj) = (fi�2 fij + fj)/fij,
where fi (or fj) and fij are the individual frequency of atom
i (or j) and the reciprocal frequency of the atoms i and j, re-
spectively. These frequencies characterize the participation
intensity of atom pairs in S. Here, the event space is com-
posed of molecular sub-graphs which participate in the for-
mation of the G skeleton that could be complete (repre-
senting all possible connected sub-graphs) or comprised of
sub-graphs of certain orders or types or combinations of
these. The atom level graph derivative index, Di, is expressed
as a linear combination of all atom pair derivatives that in-
clude the atomic nuclei i. Global [total or local (group or
atom-type)] indices are obtained by applying the so called
invariants over a vector of Di values. The novel MDs are va-
lidated using a data set of 28 alkyl-alcohols and other
benchmark data sets proposed by the International Acade-
my of Mathematical Chemistry. Also, the boiling point for

the alcohols, the adrenergic blocking activity of N,N-di-
methyl-2-halo-phenethylamines and physicochemical prop-
erties of polychlorinated biphenyls and octanes are mod-
eled. These models exhibit satisfactory predictive power
compared with other 0–3D indices implemented successful-
ly by other researchers. In addition, tendencies of the pro-
posed indices are investigated using examples of various
types of molecular structures, including chain-lengthening,
branching, heteroatoms-content, and multiple bonds. On
the other hand, the relation of atom-based derivative indi-
ces with 17O NMR of a series of ethers and carbonyls re-
flects that the new MDs encode electronic, topological and
steric information. Linear independence between the graph
derivative indices and other 0-3D MDs is demonstrated by
using principal component analysis on a dataset of 41 het-
erogeneous molecules. It is concluded that the graph deriv-
ative indices are independent indices containing important
structural information to be used in QSPR/QSAR and drug
design studies, and permit obtaining easier, more interpret-
able and robust mathematical models than the majority of
those reported in the literature.
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models. An information-rich representation rapidly comput-
ed and readily manipulated is essential.[1] This is the case
with the so-called topological (as well as topo-chemical) in-
dices (TIs), which are among the most useful molecular de-
scriptors (MDs) known nowadays.[2] The TIs are “numerical
values associated with chemical constitution for correlation
of chemical structures with various physical properties, as
well as chemical or biological activities” and these are de-
rived from graph-theoretical invariants.[3] That is, TIs are
numbers calculated from a molecular graph representing
a molecule, which does not depend on the numbering of
the graph vertices or edges.

Several TIs have been introduced to date. A compilation
by Todeschini and Consonni systematizes more than 1600
MDs for small-molecule drug discovery.[1] There are two
main sources of TIs, the distance (D) and adjacency (A) ma-
trices, but the number and diversity of graph invariants is
so wide that this makes it difficult to find general relations
for the indices so derived. However, some of these MDs are
redundant or have certain communalities. For instance,
many researchers define TIs from graphs by using vector-
matrix-vector (VMV) procedures, a fact that indicates signifi-
cant similarities between these systems.[4] Indeed, the first
TI ever defined in a chemical context, the Wiener index (W)
can be calculated by using the same mathematical formal-
ism (VMV) and it is related to the invariants based on the
sum of vertex degree products, e.g. , Randić index;[5] al-
though there is no apparent relation between these invari-
ants. One of the present authors also proposed new MDs
families by using a more elaborate approach in terms of
the algebraic space; which from a matrix point of view can
also be expressed like VMV.[4]

Nevertheless it is well-known that MDs defined to the
moment do not behave satisfactorily in the solution of all
the problems in which they are applied. It is for this reason
that it continues to be necessary to find novel and more
complete methods of coding chemical structural informa-
tion.

In the present report, new TIs based on the concept of
the molecular graph derivative are obtained from the gen-
eralization of the traditional incidence matrix. This matrix
has not had much use in the definition of MDs for not
being symmetrical. However, this matrix can also offer val-
uable information on the molecular structure. Also, we in-
troduce the use of norms (distances), means and statistical
invariants as an interesting way of obtaining local and total
indices from atomic indices (local vertex invariants, LOVIs).
Besides, in order to evaluate the performance of the pro-
posed MDs in QSPR/QSAR studies, we model the physico-
chemical and biological properties of four benchmark data-
sets. Three of them have been proposed by the Internation-
al Academy of Mathematical Chemistry to check the behav-
ior of new MDs. Finally, other principal objectives of this
paper are: 1) to investigate the most important characteris-
tics of these novel indices by means of several structural
changes in organic molecules, including chain-lengthening,

branching, heteroatoms-content, and multiple bonds, and
2) to check if, the information contained in the total and
local (atom and atom-type) derivative indices is different
from that of other 0-3D MDs presently in use in QSPR/
QSAR and drug design practice.

2 Preliminary Concepts on Discrete Derivative

As it is well-known in mathematical analysis, the derivative
concept characterizes the degree of variation in a function
on carrying out a small variation in its argument; this deriv-
ative concept is based on one for the limit. In discrete
mathematics, the limit concept does not exist and, there-
fore, it is impossible to transfer the derivative concept like
it is known, from continuous to discrete mathematics.
Before proposing the definition of the derivative concept in
discrete mathematics, let us first define certain important
concepts.

To start with, we define an event (S), which is true when
certain conditions of the examined process are fulfilled.[6]

Every S determines a bi-dimensional binary matrix Q =
[qij]m � n, each column of which corresponds reciprocally to
a condition, included in at least a true event, and every row,
a collection of conditions, in which the event occurs (in
which the event is true) and qij is equal to:[6]

1, if the j-th condition is included in the ith collection of
conditions, in which the event is true.
0, otherwise

In other words, every S determines a model (y) for the
incidence matrix Q ; the conditions included in the event are
letters corresponding to the model and the collection of
conditions in which the event is true would be the words
for the model y. Therefore, it is important to introduce the
relations frequency matrix F = [fij]n � n that characterizes the
model y, with the incidence matrix Q(y) = [qij]m � n.[6]

We denominate relations frequency matrix F = [fij]n � n, one
in which each row and column correspond reciprocally to
a condition, and element fij is equal to the number of words
that contain the letters i and j, respectively, if i ¼6 j. If i = j
then fi corresponds to the number of words that contain
letter i. The term fi is known as the individual frequency of
letter i and fij the reciprocal frequency of the letters i and j.

From the definition of the F, one notices that it is sym-
metric with respect to the principal diagonal, that is fij = fji,
and the individual frequency of each letter is greater than
the reciprocal frequency of this letter with any other letter,
fi� fij. It can also be demonstrated that: F = QT � Q, QT being
the transpose matrix of the incidence matrix [Q (y)] for the
model y.[6]

We are, therefore, in condition of determining the heter-
ogeneity grade of the graph’s components with respect to
a given event and we will characterize this heterogeneity
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by means of the graph’s derivative @G/@S with respect to
the event S.

The derivative @G/@S (for duplexes or a pair of edges in
this case) of a graph (G) with respect to an event (S) is
a non-oriented weighted graph <V,(U, P)> , whose labels
coincide with those of a model determined by this event
and a pair of edges (ei, ej) is weighted by the frequency
ratio (fi�fij) + (fj�fij) of its incompatible participation fre-
quency to the participation frequency fij compatible to the
event S :

@G
@S

ei; ej

� �
¼

fi � 2fij þ fj

� �

fij

ð1Þ

with the particularity that

1) if (ei, ej) 62 U, then (@G/@S )(ei, ej) =1
2) if (ei, ej) 2 U, then (@G/@S )(ei, ej) = a finite magnitude dif-

ferent from zero
3) if (ei = ej) then, (@G/@S )(ei, ej) = 0

Let us therefore illustrate the derivative concept of
a graph with an example. Given G in Figure 1A, we would
like to determine the participation frequency of the differ-
ent edges in the formation of the graph skeletons. The G
has 8 skeletons [sub-graphs of order 3, without differentiat-
ing the type (Figure 1, B)] . The required frequency can be
determined, for example, by determining the number of in-
clusions of each edge in the skeletons. For example, the
edge “a” participates 5 times in the formation of the skele-
tons, the edge “c” 4 times, etc. The required frequency can
be better characterized, if in addition to the pair of previ-
ously indicated numbers, we determine numbers that char-
acterize the non-uniform participation grade of graph edge

pairs (graph derivative for a pair of elements), in the forma-
tion of the graph skeletons, from which we should obtain
the corresponding incidence and frequency matrices for
the model determined by our event (formation of the
graph-skeleton by the different edges), and in this way cal-
culate the derivative values @G/@S for graph edge pairs. The
incidence and frequency matrices, respectively, for this
model, are:

The elements for the matrix (F) determine the @G/@S,
which is a weighted graph with labels.[7] It follows that two
edges of this graph are adjacent, if the derivative value
over the arc formed by these vertices is different from zero
or infinity. The derivative values for the edge pairs of the
graph are:

ð@G=@SÞða, bÞ ¼ 3, ð@G=@SÞða, cÞ ¼ 2:5, ...!
. . . , ð@G=@SÞðd, eÞ ¼ 3

and with these values we can form the (@G/@S) (Figure 1C).

As can be observed, to determine the graph’s derivative,
according to the event (S), it is necessary to:[6]

1) construct a model determined by a previously chosen
event, S, which determines an incidence matrix, Q.

2) find the relations frequency matrix, F, corresponding to
the model.

3) calculate the derivative values (@G/@S) over a pair of ele-
ments (vertices or edges) of the graph.

Below, we will define two categories of derivatives that
extend and generalize the derivative concept analogous to
the development of the derivative concept when mathe-
matical analysis is applied. Note that in this report we only
apply the derivative concept for duplexes in the generation
of novel MDs.

3 Theory of New Molecular Descriptors

3.1 New Atom-Relations: Extended Incidence Matrix

Let us take the molecule of 2,3-dimethylpentane as
a simple example (see Figure 2), where the numbers corre-
spond to the labels that are assigned to the carbon atoms
(vertices) in the molecular structure and graph.

Figure 1. A) Molecular graph, B) sub-graphs (words) according to
event S (connected sub-graphs of order 3 based on edge (letters)
relations). C) Derivative graph.
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This graph is in correspondence with the chemical struc-
ture. In the same, the carbon atoms labeled C1, C2, C3, C4,
C5, C6 and C7 are represented as the G vertices.

Let us therefore define a new event the formation of the
molecular structure from the connected sub-structures (sub-
graphs) of distinct orders and types, based on atomic rela-
tions. Applying this event to the molecular structure of 2,3-
dimethylpentane (see Figure 2B), the following sub-struc-
tures are obtained, organized according to their orders (see
Table 1).

These sub-graphs are represented in an incidence matrix
(Q), from which we obtain the corresponding relations fre-
quency matrix (F). The number of inclusions of each vertex
in the carbon skeletons permits us to establish the required
frequencies.

For example, vertex 1 participates 15 times in the forma-
tion of the sub-graphs (see Q and F matrix for 2,3-dimethyl-
pentane).

Figure 2. The chemical structure and molecular graph of [the
numbers correspond to the labels that are assigned to the atoms
(vertices) in the molecular structure]: A) 2,3-dimethylpentane (H-de-
pleted structure), B) molecular graph of 2,3-dimethylpentane.

Table 1. Incidence matrix for 2,3-dimethylpentane.

Order Type Sub-graph Incidence matrix (Q)

C1 C2 C3 C4 C5 C6 C7

Order 0 paths C1 1 0 0 0 0 0 0
paths C2 0 1 0 0 0 0 0
paths C3 0 0 1 0 0 0 0
paths C4 0 0 0 1 0 0 0
paths C5 0 0 0 0 1 0 0
paths C6 0 0 0 0 0 1 0
paths C7 0 0 0 0 0 0 1

Order 1 paths C1�C2 1 1 0 0 0 0 0
paths C2�C3 0 1 1 0 0 0 0
paths C2�C6 0 1 0 0 0 1 0
paths C3�C4 0 0 1 1 0 0 0
paths C3�C7 0 0 1 0 0 0 1
paths C4�C5 0 0 0 1 1 0 0

Order 2 paths C1�C2�C3 1 1 1 0 0 0 0
paths C1�C2�C6 1 1 0 0 0 1 0
paths C2�C3�C6 0 1 1 0 0 1 0
paths C2�C3�C4 0 1 1 1 0 0 0
paths C2�C3�C7 0 1 1 0 0 0 1
paths C3�C4�C5 0 0 1 1 1 0 0
paths C3�C4�C7 0 0 1 1 0 0 1

Order 3 paths C1�C2�C3�C4 1 1 1 1 0 0 0
paths C1�C2�C3�C7 1 1 1 0 0 0 1
cluster C1�C2�C3�C6 1 1 1 0 0 1 0
paths C2�C3�C4�C5 0 1 1 1 1 0 0
paths C2�C3�C6�C7 0 1 1 0 0 1 1
paths C2�C3�C4�C6 0 1 1 1 0 1 0
cluster C2�C3�C4�C7 0 1 1 1 0 0 1
paths C3�C4�C5�C7 0 0 1 1 1 0 1

Order 4 paths C1�C2�C3�C4�C5 1 1 1 1 1 0 0
paths-cluster C1�C2�C3�C4�C7 1 1 1 1 0 0 1
paths-cluster C1�C2�C3�C4�C6 1 1 1 1 0 1 0
paths C2�C3�C4�C5�C6 0 1 1 1 1 1 0
paths-cluster C2�C3�C4�C5�C7 0 1 1 1 1 0 1
paths-cluster C2�C3�C4�C6�C7 0 1 1 1 0 1 1
paths-cluster C1�C2�C3�C6�C7 1 1 1 0 0 1 1

Order 5 paths-cluster C1�C2�C3�C4�C5�C6 1 1 1 1 1 1 0
paths-cluster C1�C2�C3�C4�C5�C7 1 1 1 1 1 0 1
paths-cluster C2�C3�C4�C5�C6�C7 0 1 1 1 1 1 1
paths-cluster C1�C2�C3�C4�C6�C7 1 1 1 1 0 1 1

Order 6 paths-cluster C1�C2�C3�C4�C5�C6�C7 1 1 1 1 1 1 1
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This new matrix representation is a generalization of the
incidence matrix, and this matrix could be complete (repre-
senting all possible related sub-graphs) or constitute sub-
graphs of determined orders or types (according to Kier
and Hall nomenclature) as well as a combination of these
(see Table 1). A particular case where only sub-graphs of
Order 1 (pairs of vertices or

edges in G) are considered, Q coincides with the
common incidence matrix used in graph theory.

3.2 Derivative of Molecular Graph. Local and Total Definition

In this section, we will define novel indices which apply the
Equation 1 for each pair of vertices in the G. Let us contin-
ue with the example of the 2,3-dimethylpentane molecule
for which we have already obtained its corresponding fre-
quency matrix according to the event proposed in the
present report.

We characterize the participation intensities of different
pairs of elements [atoms (vertices) in the molecule (graph)]
from the calculation of the derivative for a pair of elements
(see Equation 1):

@G
@S

C1; C2ð Þ ¼ 14� 2 13ð Þ þ 27
13

¼ 1:15

@G
@S

C1; C3ð Þ ¼ 14� 2 11ð Þ þ 29
11

¼ 1:90

In the same way, the rest of the values for pairs of ele-
ments of the graph are successively determined, as shown
below:

@G
@S

C1; C4ð Þ ¼ 2:50;
@G
@S

C1; C5ð Þ ¼ 4:50;
@G
@S

C1; C6ð Þ ¼ 2:67;

@G
@S

C1; C7ð Þ ¼ 3:80;
@G
@S

C2; C3ð Þ ¼ 0:43

@G
@S

C2; C4ð Þ ¼ 1:06;
@G
@S

C2; C5ð Þ ¼ 2:87;
@G
@S

C2; C6ð Þ ¼ 1:15;

@G
@S

C2; C7ð Þ ¼ 1:82;
@G
@S

C3; C4ð Þ ¼ 0:55

@G
@S

C3; C5ð Þ ¼ 2:10;
@G
@S

C3; C6ð Þ ¼ 1:90;
@G
@S

C3; C7ð Þ ¼ 1:14;

@G
@S

C4; C5ð Þ ¼ 1:09;
@G
@S

C4; C6ð Þ ¼ 2:50

@G
@S

C4; C7ð Þ ¼ 1:70;
@G
@S

C5; C6ð Þ ¼ 4:50;

@G
@S

C5; C7ð Þ ¼ 3:40;
@G
@S

C6; C7ð Þ ¼ 3:80

All these pair derivatives will be organized in matrix form
(£ matrix), whose entries ij are the derivative values for the
i and j vertices.

We now introduce a new concept with the purpose of
obtaining new LOVIs from the derivatives for duplexes,

which we will denominate the differential for atom i(Di).
The Di for each of the elements of the G (i.e. each atomic
nucleus) is defined as the summation over all the derivative
values that include the element i (linear combination):

Di

Xn

j¼1

@G
@S

i; jð Þ ¼ Di½ � ¼ ½ � � I½ � ð2Þ

where, n is the number of atoms in the molecule, and @G/
@S(i, j) is the derivative for vertices i and j. Equation 2 for Di,
may also be written in the matrix form, where [I] is
a column unitary vector (an n � 1 matrix) and [£] is the de-
rivative matrix (entries ij are the derivatives for i and j verti-
ces). We obtain the atomic derivative value (LOVI) for each
element, which would be: D1 = 15.65, D2 = 8.35, D3 = 7.78,
D4 = 9.87, D5 = 19.39, D6 = 15.65 and D7 = 14.47.

If we thoroughly observe the values for each Di, it can
be noted that each value for the first, second, third, fourth,
fifth and seventh atoms (from 1–5 and 7) are different,
while the first and sixth are equal. This is logical behavior if
we consider the chemical nature of each of these atoms,
given that it is precisely the carbon atoms numbered 1 and
6 that exclusively possess identical chemical surroundings
(terminal methyl groups). More so, the values for each Di

can be organized in the same order of their steric-electron-
ic chemical surroundings. Like for example, the greatest
value of Di is possessed by the least enclosed atoms while
the smallest value is presented by atom 3 that suffers the
greatest steric hindrance. This also coincides with the
nature of the concept of the graph derivative since the
atom that most suffers hindrance is the one that most con-
tributes to the formation of the molecule.

3.3 Codification of Heteroatoms and Unsaturated Bonds

We propose an approach, in this report, that permits us
characterize adequately molecules with heteroatoms and
unsaturated bonds. As an example we choose an isomer of,
N-methylisobutyramide molecule (see Figure 3). According
to the procedure previously explained, we can assert that

Figure 3. The chemical structure and molecular graph of [the
numbers correspond to the labels that are assigned to the atoms
(vertices) in the molecular structure]: A) N-methylisobutyramide [H
(implicit)-depleted structure], B) molecular graph of N-methylisobu-
tyramide.

£

� 2014 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim Mol. Inf. 2014, 33, 343 – 368 347

Full Paper www.molinf.com

www.molinf.com


the Q and F matrices for the G represented in Figure 2 are
identical to those of 2,3-dimethylpentane.

Nonetheless, it can be easily perceived by simple inspec-
tion that the molecular structure of this new molecule con-
tains a heteroatom and a double bond. Let us create
a vector of weights Vp, in which the weight (pi) corresponds
reciprocally to element pi for a given condition. The distinct
weights for each atom (condition, according to this event)
can be determined according to the relationship pi = P/d,
where P represents a characteristic property of each atom
(for example: atomic mass, electronegativity, etc.) and d is
the vertex degree.

As an example we use the electronegativity (according
to Pauling’s scale) as weight for each atom (condition). The
weights or labels for the different atoms are:

p C1ð Þ ¼ 2:5
1
¼ 2:5 p Oð Þ ¼ 3:5

2
¼ 1:75 p C5ð Þ ¼ 2:5

1
¼ 2:5

p C2ð Þ ¼ 2:5
3
¼ 0:833 p Nð Þ ¼ 3:0

2
¼ 1:5

p C3ð Þ ¼ 2:5
4
¼ 0:625 p C4ð Þ ¼ 2:5

1
¼ 2:5

From these resulting values we construct a vector of
weights, Vp = (2.5, 0.833, 0.625, 1.75, 1.5, 2.5, 2.5). In the
same way, we can obtain this vector by means of a weight-
ed matrix.

Multiplying the incidence matrix with the weighted
matrix, we obtain the weighted incidence matrix QP = [mij] ,
which is similar to Q in its form only that this new matrix
captures more particular information of each of the atoms
in the molecule on top of the atom-atom connectivity with
others in the mentioned molecule, from which it follows
that:

mij = pi, if the jth condition is included in the ith collection
of conditions, in which the event is true

mij = 0, otherwise.
We can now continue with the method previously pro-

posed for determining the derivative values over the pairs
of graph elements. That is, we obtain the matrix QP and its
transpose QP

T, followed by the corresponding multiplication
operation as seen in the previous example (QP

T � QP = FP).
The weighted frequency matrix FP captures information on

the number of times each element participates in the for-
mation of the G (according to the predetermined event),
on top of its participation characteristic, that may be inter-
preted as its identity or relative capacity (with respect to
other atoms of the molecule) to form the molecular struc-
ture.

The derivative values for the pairs of elements of the mo-
lecular graph are the following:

@G
@S

C1; C2ð Þ ¼ 1:92;
@G
@S

C1; C3ð Þ ¼ 3:75;
@G
@S

C1;Oð Þ ¼ 4:10;

@G
@S

C1;Nð Þ ¼ 2:57;
@G
@S

C1; C4ð Þ ¼ 4:50

@G
@S

C1; C5ð Þ ¼ 2:67;
@G
@S

C2; C3ð Þ ¼ 0:51;
@G
@S

C2;Oð Þ ¼ 2:03;

@G
@S

C2;Nð Þ ¼ 1:41;
@G
@S

C2; C4ð Þ ¼ 3:63

@G
@S

C2; C5ð Þ ¼ 1:92;
@G
@S

C3;Oð Þ ¼ 1:74;
@G
@S

C3;Nð Þ ¼ 1:24;

@G
@S

C3; C4ð Þ ¼ 3:52;
@G
@S

C3; C5ð Þ ¼ 3:75

@G
@S

O;Nð Þ ¼ 1:63;
@G
@S

O; C4ð Þ ¼ 3:53;
@G
@S

O; C5ð Þ ¼ 4:10;

@G
@S

N; C4ð Þ ¼ 1:02;
@G
@S

N; C5ð Þ ¼ 2:57

@G
@S

C4; C5ð Þ ¼ 4:50

With these values we can also obtain the derivatives of
each atom in the molecule: PDc1 = 19.51, PDc2 = 11.42, PDc3 =
14.51, PDO = 17.13, PDN = 10.44, PDc4 = 20.7 and PDc5 = 19.51.
These weighted Di, pDi, may also be written in the matrix
form by using the Equation 2, where [I] is a column unitary
vector (an n � 1 matrix) but [p£] is used instead of an un-
weighted derivative matrix, £. The weighted derivative
matrix, p£, is obtained from the weighted frequency matrix,
FP, employed in Equation 1.

A second weighting scheme will be used in order to
obtain other weighted LOVIs, designed as PDi. Here, the
vector of weights, Vp, is multiplied by the unweighted deriv-
ative matrix, £. Therefore [PDi] = [£] � [Vp] . This formula (pDi)
is similar to the one defined in Equation 2 for Di, only that
[Vp] is used instead of [I] , where [Vp] is a column weighting
vector (an n � 1 matrix) whose elements are weights (atom-
labels) of the vertices of the G. It is important to remark
that in this second weighting approach the derivative
matrix £ is obtained from an unweighted F. Alternatively,
atomic weighted descriptors could be obtained by multi-
plying the vector of unweighted LOVIs, Vsp by the weight-
ing matrix P, Vsp � P = Vp, and thus we can obtain a new
vector whose elements would be weighted LOVIs. In the
example introduced in this epigraph, Vp = (2.5, 0.833, 0.625,
1.75, 1.5, 2.5, 2.5).
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3.4 Applying Invariants (Operators) to Atomic Derivative:
Generalization of the Procedure for Obtaining Global and
Local (Group and Atom-Type) Indices from LOVIs

Over the years, it has been generally accepted that the def-
inition of global (or local) indices from LOVIs implies the

summation of the contributions of the elements that con-
stitute a given G.[7–8] In fact in quantum chemistry, the
notion that “the summation of the parts makes the total” is
applied. For instance, LCAO (Linear Combination of Atomic
Orbitals) is a means of forming molecular orbitals (MOs) by
taking linear combinations of functions associated with the

Table 2. Invariants functions to derive molecular descriptors (total and local) from local vertex invariants (LOVIs). The Li is LOVI associated
to the atoms vi and n is the number of atoms.

No. Group Name ID Formula

1 Norms (metrics) Minkowski’s norms (p = 1)
Manhattan norm

N1 �xk k1¼
Pn

i¼1

Lij j

2 Minkowski’s norm (p = 2)
Euclidean norm

N2 �xk k2¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pn

i¼1

Lij j2
r

3 Minkowski’s norm (p = 3) N3 �xk k3¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pn

i¼1

Lij j33

r

4 Penrose’s size PN

di ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n2
P

i¼1

Lið Þ
� �2

s

5 Mean (first statis-
tical moment)

Geometric mean G �x ¼
ffiffiffiffiffiffiffiffiffi
Qn

i¼1

Li
n

r

6 Arithmetic mean (potential with a = 1) M ma ¼ La
1þLa

2þ���L
a
n

n

� �1
a

7 Quadratic mean (potential with a= 2) P2
8 Potential mean (potential with a= 3) P3
9 Harmonic mean (potential con a =�1) A
10 Statistical (high-

est statistical
moments)

Variance V

v ¼
Pn

i¼1

Li��Lð Þ2

n�1

11 Skewness S S = n M3 /[(n�1) (n�2) s3]

M3 ¼
Pn

i¼1

Li � �Lð Þ3

s3 is the standard deviation raised to the 3rd power
n is the number of atoms.

12 Statistical (high-
est statistical
moments)

Kurtosis K K = [n (n + 1) M4�3 M2 M2 (n�1)]/[(n�1) (n�2) (n�3) s4]

Mj ¼
Pn

i¼1

Li � �Lð Þj

n is the number of atoms;
s4 is the standard deviation raised to the fourth power

13 Standard deviation DE
s ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
Li��Lð Þj

i¼1

q

14 Variation coefficient CV cn ¼ s=�L
15 Range R R = Lmax�Lmin

16 Percentile 25 Q1 P25 ¼ N
4 þ

1
2

	 

N is the number of values

17 Percentile 50 Q2 P50 ¼ N
2 þ

1
2

	 

N is the number of values

18 Percentile 75 Q3 P75 ¼ 3N
4 þ

1
2

	 

N is the number of values

19 Inter-quartile Range I50 I50 = P75�P25
20 X max MX Li maximum
21 X min MN Lj minimum

[a] The formulae used in these invariants, are simplified forms of general equations given that the vector yis constituted by the coordinates
of the origin. For example, in the case of the Euclidean norm (N2), the general formula is :

xk k2¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pn

i¼1

ðxi � y1Þ2 þ ðxj � yjÞ2 þ ðxz � yzÞ2
r

but given that y = (0, 0, 0), this formula reduces to

xk k2¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pn

I¼1

xij j2
r
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different atoms in the molecule.[9] Therefore, MOs are made
up as LCAO of atoms composing the system, i.e. they are

written in the form, fi =
Pn

j¼1

cijYj, where, i is the number of

the MO, f ; j are the numbers of atom Y-orbital ; cij are the
numerical coefficients defining the contributions of individ-
ual AOs to the given MO. Such a way of constructing a MO
is based on the assumption that an atom represented by
a definite set of orbitals remains distinctive in the molecule.
However, summation (in our case, Minskowski’s first norm,
N1, see below) is just one of the many invariants capable
of globally characterizing given LOVIs.

In this work, we introduce a series of invariants that gen-
eralize the traditional method of obtaining global (or local)
indices by summation of the LOVIs. These are classified into
three major groups (see Table 2),[1,10]

1) Norms (or Metrics): Minkowski’s norms (N1, N2, N3) and
Penrose’s size (PN).

2) Mean Invariants (first statistical moment): Geometric
Mean (G), Arithmetic Mean (M), Quadratic Mean (P2),
Potential Mean (P3) and Harmonic Mean (A).

3) Statistical Invariants (highest statistical moments): Var-
iance (V), Skewness (S), Kurtosis (K), Standard Deviation
(DE), Variation Coefficient (CV), Range (R), Percentile 25
(Q1), Percentile 50 (Q2), Percentile 75 (Q3), Inter-quartile
Range (I50), Maximum X (MX) and Minimum X (MN).

It should be noted that these invariants are only applied
with the purpose of generalizing the summation i.e. , there
exists other forms of obtaining indices from LOVIs but
these are not related to the summation but rather with
other procedures, e.g. , the use of the atomic derivative (Di
pDi and pDi) as a LOVI in Randić’s equation, M1 and M2

Zagreb formula, among others.
The application of “classical” algorithms (invariants) on

these LOVIs (Di,
pDi and pDi), and on the F matrix, will be

presented in forthcoming papers.
The application of these invariants to the vector of

weighted or unweighted atomic derivative values (Di,
pDi

and pDi) enables us obtain a series of global indices using
atomic derivative values as LOVIs. In the same way, these
invariants could be applied to a vector comprised of a par-
ticular class of local (group and atom-type) derivative
values obtaining local derivative-based indices for atom-
types or groups (for example, in TOMOCOMD-CARDD soft-
ware,[11] the following local indices can be calculated:
Proton Acceptors (AH), Proton Donors (DH), Heteroatoms
(HT), Halogens (HL) and Carbon (Cb) and Unsaturated
bonds (IS). It should be noted that local definition capacity
is one of the most important requisite for new MDs.[12]

It is rather important to emphasize that all invariants in
Table 2 will be applied not only to the original vector of
LOVIs (in the tree possible forms: Di

pDi and pDi) but also to
standardized LOVIs. That is, global or local indices will be
calculated from a vector of standardized atomic LOVIs (sDi,

spDi and s
pDi). In the standardization procedure, all values of

original LOVIs (Di,
pDi and pDi) are replaced by standardized

LOVI values (sDi
spDi and s

pDi), which are computed as fol-
lows: Std. LOVIs = (Original LOVI – mean of LOVIs)/Std. devi-
ation of original LOVIs. With this re-scaling, the compo-
nents of a vector of LOVI have a mean of 0 and a standard
deviation of 1 (this means that standardized LOVIs have the
same dimensions, i.e. , are of comparable magnitude).

4 QSAR/QSPR Applications

4.1 Database Selection

Four benchmark datasets have been used to evaluate the
QSPR/QSAR behavior of the new TOMOCOMD-CARDD MDs.
With this objective in mind, we developed QSPR models to
describe several physicochemical properties of octane iso-
mers (FIRST ROUND),[13] to analyze the boiling point of 28
alkyl-alcohols (SECOND ROUND),[8b,14] four physicochemical
properties for a total of 209 polychlorobiphenyls (THIRD
ROUND),[15] and a biological activity of 22 Phenetylamines
(FOURTH ROUND).[15] The data set used in first, third and
fourth round have been proposed by the International
Academy of Mathematical Chemistry[13a] as ideal for the
evaluation of new MDs.

The use of octanes (FIRST ROUND), as a suitable data set
for testing TIs, has been advocated for Randić and Trinajstić
and at present is considered by International Academy of
Mathematical Chemistry as a benchmark database for com-
parison among old (well-known) and new MDs.[3a,16] In fact,
this dataset has been used by several researchers to evalu-
ate the modeling power of their new MDs.[13b,17] The physi-
cochemical properties studied in this paper are boiling
point (Bp), motor octane number (MON), heat of vaporiza-
tion (HV), molar volume (MV), entropy (S) and heat of for-
mation (DHf). This selection is recommended, because the
physicochemical properties commonly studied in QSPR
analyses with TIs are interrelated for data sets of com-
pounds with different molecular weights, for instance for
alkanes having from two to nine carbon atoms. These cor-
relations are not necessarily observed when the same indi-
ces are used in isomeric data sets of compounds, such as
the octane data set. In addition, these properties are hardly
interrelated when octanes are used as a data set.[12b] On the
other hand, all TIs are designed to have (gradual) incre-
ments with the increments in the molecular weight. In this
way, if we do the present study by using a series of com-
pounds having different molecular weights, we will find
“false” interrelations among the indices by an overestima-
tion of the size effects inherent to these descriptors.[17a,b]

The same is also valid when a QSPR model is to be ob-
tained. It is not difficult to find “good” linear correlations
between TIs and physicochemical properties of alkanes in
data sets with great size variability.[17a,b] In fact, the simple
use of the number of vertices in the G produced regression
coefficients greater than 0.97 for most of the physicochem-

� 2014 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim Mol. Inf. 2014, 33, 343 – 368 350

Full Paper www.molinf.com

www.molinf.com


ical properties of C2�C9 alkanes studied by Needham
et al.[18] However, when data sets of isomeric compounds
are considered, MDs that typically have high correlation co-
efficients when molecules of different sizes are considered
may no longer show such good linear correlations. In con-
clusion, if a newly proposed MD is not able to model the
variation of at least one property of octanes, then it proba-
bly does not contain any useful molecular information.

In order to illustrate the possibilities of our approach in
the QSPR studies of heteroatomic molecules, we have se-
lected the boiling point of 28 alkyl-alcohols (SECOND
ROUND) to be investigated.[8b,14] This data set was firstly
studied by Kier and Hall[8b] using E-state/biomolecular en-
counter parameters and later by Estrada and Molina[14a] em-
ploying the local spectral moments of the edge adjacency
matrix. This heteromolecule-based database is composed
of 28 alkyl-alcohols, 14 are primary, 6 secondary and 8 terti-
ary, for which the boiling point (Bp) has been reported pre-
viously. Alcohols constituted a good set of chemicals for
comparative study, because it is an isomeric data set, com-
prised of heteroatomic compounds and the boiling point
not only depends on gradual variation of molecular weight,
but also of H-bonding capacity and the R-group type. Addi-
tionally, QSPR studies are available for comparison purpo-
ses.[8b,14a]

The third heteromolecule-based database that will be
studied here consists of a total of 209 polychlorobiphenyls
(THIRD ROUND), early studied by using dragon descrip-
tors.[15] It is well-known that polychlorinated biphenyls
(PCB) are widespread and persistent organic contaminants.
Moreover, it has been demonstrated that they are toxic and
lipophilic and tend to be bioaccumulated. Four of the phys-
icochemical properties of environmental relevance for PCB
congeners have been chosen: melting point (mp), octanol
water partition coefficient (log KOW), Henry’s law constant
(H), and aqueous water coefficient, expressed as the nega-
tive logarithm (log YW).[15]

We finish this study with a N,N-dimethyl-2-halo-phene-
thylamines family (FOURTH CASE). This data set has been
frequently used in QSAR studies and it is also proposed by
the International Academy of Mathematical Chemistry for
the evaluation of new ITs. The response is the antagonism
of these compounds to epinephrine (adrenergic blocking
activity) in the rat (log1/ED50).[15]

4.2 Computational Approach

TOMOCOMD is an interactive program for molecular design
and bioinformatic research.[11] It consists of four subpro-
grams; each one of them allows drawing the structures
(drawing mode) and calculating molecular 2D/3D (calcula-
tion mode) descriptors. The modules are named CARDD
(Computed-Aided ‘Rational’ Drug Design), CAMPS (Comput-
ed-Aided Modeling in Protein Science), CANAR (Computed-
Aided Nucleic Acid Research) and CABPD (Computed-Aided
Bio-Polymers Docking). The DIVATI (Discrete deriVAtive Type

Indices) module used in the present report forms part of
the CARDD section.

4.2.1 Computational In-House Software

The total and local (in this case, group-type) molecular
graph derivative indices used to search the best regression
of several physicochemical and biological properties of four
data sets of organic compounds broadly used were calcu-
lated by an in-house software developed on the JAVA plat-
form. The novel indices are implemented in DIVATI,[19]

a new module of TOMOCOMD-CARDD program to facilitate
their automatic computation.

In this case, in order to distinguish saturated hydrocar-
bons from chemical structures with heteroatoms and unsa-
turated bonds, we used a weighting scheme conformed by
five atomic properties: Atomic number (Z), Atomic Mass
(A), Van der Waals Volume (V), Polarizability (P) and Pauling
Electronegativity (E). These atomic-labels are shown in
Table 3. The MDs computed in this study adopted the fol-
lowing format:

PIS
Qorder InvE localtypeð Þ

where, P means ponderation (see Table 3) and S pondera-
tion position, where ‘In’ means that the atomic weighting is
made in Q matrix, ‘Pd’ means that the atomic weighting is
made in derivative Matrix, ‘Pl’ means that the atomic
weighting is made in LOVIs vector and ‘Sp’ means that it is
not pondered. Qorder will appear only if a specific order k (or
any combination of these) is used to compute the total or
local MDs. Inv means the invariant used to compute the
MDs from atomic LOVIs. The superscript E stands for stand-
ardized LOVIs. Finally, the parenthesis will appear if the
MDs are computed for a particular group of atoms (local in-
dices). In this sense, in the parenthesis will appear the
group-type indices, namely, Cb for carbon atoms, HT for
Heteroatoms, AH for proton acceptor, DH for proton donor,
HL for halogens, MC for methyl carbons and IS for unsatu-
rated bonds. Finally, note that the particularities of sub-
graph types were not taken into account and only orders
were considered.

Work Methodology. The main steps for the application of
the present method in QSAR/QSPR and drug design can be
briefly summarized in the following algorithm: 1) Draw the
molecular-graphs for each molecule in the data set. The
software DIVATI[19] accepts the mol or sdf file formats. 2)
Choose the order and type of sub-graphs with which the
incidence matrix will be built. 3) Use appropriate atomic
properties in order to weight and differentiate the molecu-
lar atoms. The properties used are those previously pro-
posed for the calculation of DRAGON descriptors,[1,13b,20] i.e. ,
atomic mass (M), atomic polarizability (P), atomic electrone-
gativity (K), Van der Waals atomic volume (V).The values of
these atomic labels are shown in Table 3. In this step we
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should also indicate position (step) where the weighting
scheme is to be applied. 4) Select standardized or non-
standardized LOVIs and the invariants to obtain total or
local descriptors. 5) Compute the total and local indices.
The local indices implemented are (Cb, AH, DH, HT, HL, MC,
IS). 6) Find a QSPR/QSAR equation by using several multi-
variate analytical techniques, such as multilinear regression
analysis (MRA), neural networks (NN), linear discrimination
analysis (LDA), and so on. 7) Test the robustness and pre-
dictive power of the QSPR/QSAR equation by using internal
(cross-validation) and external (using a test set and an ex-
ternal predicting set) validation techniques.

4.3 Chemometric Analysis

The whole set of new MDs were used as independent vari-
ables for deriving QSPRs by means of multiple linear regres-
sion (MLR) technique. The MOBYDIGS (version 1.0-2004).[21]

was employed to perform variable selection and QSPR
modeling.

This software allows searching for linear regression
models by developing optimal model populations using
genetic algorithms (GAs). The GAs[21–22] are a class of algo-
rithms inspired by the process of natural evolution in
which species having a high fitness under some conditions
can prevail and survive to the next generation; the best
species can be adapted by crossover and/or mutation in
the search for better individuals. The GAs uses a population
of individuals as a model search for the globally optimum
solution to a problem. The GAs constitute an optimization
procedure that permits the search of the best values of
a set of parameters able to optimize an objective function.
The GA evolution consists in the replication of the GA oper-

ators such as reproduction, mutation, epidemy, predatory
and tabu, in such a way that the global quality of the pop-
ulation individuals (the models) increases and the best
subset of models could be found. The population size was
set at 100 and the reproduction/ mutation trade-off (T) at
0.50. The GAs with initial population sizes of 100 rapidly
converge (200 generations) and achieve optimum QSAR
models in a reasonable number of GA generations.

The models were optimized using as objective function
(optimization function) the statistical parameter QLoo

2

(“leave one out” crossed validation) and they were validat-
ed using techniques “bootstrapping” (Qboot

2) and “scram-
bling” (Ysc). The search for the best model can be pro-
cessed in terms of the highest square correlation coefficient
(R2) or F-test equations (Fisher-ratio’s p-level [p (F)]) and the
lowest standard deviation equations (s). We analyzed statis-
tical parameters QLoo

2 (“leave one out” crossed validation)
and Qboot

2 to evaluate the quality of the models. In the
recent years, the LOO press statistics (e.g. , QLoo

2) have been
used as a means of indicating predictive ability. Many au-
thors consider high QLoo

2 values (for instance, QLoo
2>0.5) as

an indicator or even as the ultimate proof of the high-pre-
dictive power of a QSAR model. However, it is known that
this affirmation is only true for small data (<100 cases),
and that data with wide dimensionality is just a necessary
but not sufficient condition to affirm that a model possess-
es adequate predictive power.

We calculated all the possible indices, using all the
weights, graph-orders and graph-types. The best models in
each case were selected, taking in consideration the quality
of their corresponding statistical parameters.

Table 3. Values of the atomic weights used for MDs calculation. (VdW: van der Waals)

ID Atomic mass VdW volume (�3) Polarizability (�3) Pauling electronegativity

H 1.01 6.709 0.667 2.2
B 10.81 17.875 3.030 2.04
C 12.01 22.449 1.760 2.55
N 14.01 15.599 1.100 3.04
O 16.00 11.494 0.802 3.44
F 19.00 9.203 0.557 3.98
Al 26.98 36.511 6.800 1.61
Si 28.09 31.976 5.380 1.9
P 30.97 26.522 3.630 2.19
S 32.07 24.429 2.900 2.58
Cl 35.45 23.228 2.180 3.16
Fe 55.85 41.052 8.400 1.83
Co 58.93 35.041 7.500 1.88
Ni 58.69 17.157 6.800 1.91
Cu 63.55 11.494 6.100 1.9
Zn 65.39 38.351 7.100 1.65
Br 79.90 31.059 3.050 2.96
Sn 118.71 45.830 7.700 1.96
I 126.90 38.792 5.350 2.66
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4.4 QSARs/QSPRs

4.4.1 Case 1. Physicochemical Properties of Octane Isomeres

In a previous study by Consonni et al. several physicochem-
ical properties for octane isomers were analyzed.[13b] How-
ever, to evaluate the quality of the models based on our
new GDIs (acronym of Graph Derivative Indices) we have
taken as reference only six physicochemical properties se-
lected in the previous study. Therefore, we analyzed the
quality of the QSPR models obtained to describe the boil-
ing point (Bp), motor octane number (MON), heat of vapori-
zation (HV), molar volume (MV), entropy (S), and heat of for-
mation (DHf) of the octane isomers. The regressions of
octane properties, based on the GDIs, will be compared to
some regressions based on 2D (topological/topo-chemical)
and 3D (geometrical) MDs, taken from the literature.[13b]

The best linear models, of three parameters for each
property, found using GDIs are next presented:

Boiling point (Bp)

Bp ¼ 22:83 ð�14:87Þ þ 19:01 ð�1:50ÞðA1=lnÞDeðCbÞ�
8:32 ð�0:495Þ ðE1=PdÞP1 þ 57:31 ð�5:32Þ ðE1=PdÞ MðCbÞ

ð3Þ

N ¼ 18 R2 ¼ 97:35 s ¼ 1:097 QLoo
2 ¼ 95:59 sCV ¼ 1:249

Qboot
2 ¼ 95:01 Ysc ¼ 0:088 F ¼ 171:42

Heat of formation (DHf)

DHf ¼ 4:95 ð�0:23Þ�0:58 ð�0:052Þ ðE1=InÞ RaðCbÞ�
1:75ð�0:15Þ ðE2=InÞ SE þ 0:065 ð�0:005Þ ðA2=PdÞ DEðCbÞ

ð4Þ

N ¼ 18 R2 ¼ 93:12 s ¼ 0:245 QLoo
2 ¼ 87:06 sCV ¼ 0:296

Qboot
2 ¼ 87:20 Ysc ¼ 0:112 F ¼ 63:17

Heat of vaporization (HV)

HV ¼ 75:578 ð�1:35Þ�0:53 ð�0:03Þ ðV1=PdÞPNþ
6:74 ð�0:89Þ ðP1=PdÞ MðCbÞ þ 0:60 ð�0:06Þ ðE2=InÞPN

ð5Þ

N ¼ 18 R2 ¼ 98:47 s ¼ 0:277 QLoo
2 ¼ 97:73 sCV ¼ 0:297

Qboot
2 ¼ 97:00 Ysc ¼ 0:073 F ¼ 299:47

Motor octane number (MON)

MON ¼ �798:27 ð�33:81Þ�2:90 ð�0:18Þ ðA=PdÞ N3þ
42:45 ð�5:08Þ ðP=InÞN3 ðCbÞ þ 19:05 ð�2:88Þ ðE5=PdÞ M

ð6Þ

N ¼ 18 R2 ¼ 99:16 s ¼ 2:536 QLoo
2 ¼ 98:53 sCV ¼ 2:912

Qboot
2 ¼ 98:20 Ysc ¼ 0:098 F ¼ 473:22

Entropy (S)

S ¼ 111:92 ð�8:96Þ þ 713:21 ð�40:1Þ ðA3=PdÞ MX E ðCbÞ�
490:72 ð�24:38Þ ðP3=PdÞ P3

E ðCbÞþ
7:18:14 ð�40:19Þ ðP3=PdÞ MNE ðCbÞ

ð7Þ

N ¼ 18 R2 ¼ 97:41 s ¼ 0:802 QLoo
2 ¼ 96:23 sCV ¼ 0:852

Qboot
2 ¼ 95:48 Ysc ¼ 0:049 F ¼ 175:24

Molar volume (MV)

MV ¼ 141:33 ð�2:33Þ�33:26 ð�3:9Þ ðP2=PdÞ QE
1 ðCbÞ�

1:24 ð�0:24Þ ðP1=PdÞK E�0:94 ð�0:23Þ ðV2=PdÞ ME
ð8Þ

N ¼ 18 R2 ¼ 84:49 s ¼ 2:3 QLoo
2 ¼ 52:55 sCV ¼ 4:04

Qboot
2 ¼ 55:04 Ysc ¼ 0:123 F ¼ 25:41

For each selected property of octane isomers, the statisti-
cal information for the best regressions with one, two and
three MDs published so far[13b] are also depicted in Table 4,
together with the LOO cross-validation-explained variance
(QLoo

2), the square of correlation coefficient (R2, given in per-
centages), the standard error of estimate (s), the standard
deviation the error in LOO cross-validation (sCV), the boot-
strap average predictive power (Qboot

2), the Y-scrambling
parameter (Ysc) and Fischer ratio (F). As it can see from the
statistical parameters of regression equations in Table 4, all
of the physicochemical properties were well described by
the GDIs. In all the cases the models obtained with the
GDIs demonstrated statistical robustness, with statistical pa-
rameters comparable with the best models proposed in the
literature.[13b] For instance, we can observe that the statisti-
cal parameters for the model obtained with GDIs to de-
scribe heat of vaporization (HV) (Equation 5) of octanes are
better than those taken from the literature using 2D and
3D MDs.[13b] It should be pointed out that in the models
based on the GDIs, both regressions for the motor octane
number (MON) (see Equation 6) are better-to-similar than
the models published so far.[13b] The models obtained,
using the GDIs, to describe boiling point (Bp) (Equation 3),
entropy (S) (Equation 7), heat of formation (DHf) (Equa-
tion 4) and molar volume (MV) (Equation 8) have significant
differences with those obtained with WHIM, GETAWAY and
TIs altogether. However, these properties were better de-
scribed with our approach than several TIs.

According to the obtained QSPR results, it is possible to
conclude that the novel MDs encode some useful molecu-
lar information different from that of previously proposed
descriptors. Moreover, they depict considerable diversity
being able to adequately describe the variation of different
properties of octanes.
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Table 4. Statistical information for best multiple regression models of selected physicochemical properties of octane isomers.

Property Index Descriptor n R2 s QLoo
2 sCV Qboot

2 Ysc F

Boiling point (Bp) GETAWAY + WHIM + topological 2c 2c HATS6(p) 3 98.78 0.744 98.12 – – – –
GETAWAY HATS2(v) R4(u) R6(v) 3 98.32 0.897 97.10 – – – –
GETAWAY + WHIM + topological 2c HATS6(p) 2 97.58 1.013 96.62 – – – –
GDIs [A/In

1DE(Cb)] [E/Pd
1P2] [E/

Pd1 M(Cb)]

3 97.35 1.097 95.59 1.249 95.01 0.088 171.4

Topological S3W S4W SJ 3 95.84 1.394 – – – – –
Topological S3W S4W 2 94.78 1.508 – – – – –
GDIs [E/PdG] [V/InP1] 2 91.4 1.91 86.08 2.218 86.22 0.01 79.7
GETAWAY HATS2(m) R+

4(u) 2 89.62 2.098 84.86 – – – –
Topological WW x1 2 81.36 2.810 – – – – –
Topological Z 1 78.85 2.90 – – – – –
GETAWAY + WHIM + topological HATS2(m) 1 74.64 3.175 66.47 – – – –
GDI [P/In6 M(Cb)] 1 67.26 3.608 56.75 3.91 59.32 �0.012 32.9
Topological 2c W 1 67.77 3.630 – – – – –

Motor octane number
(MON)

GETAWAY + WHIM + topological vID
M Ts HATS1(m) 3 99.23 2.439 98.58 – – – –

GDIs [A/PdN3] [P/InN3(Cb)] [E/PdM5] 3 99.16 2.536 98.53 2.912 98.20 0.098 473.2
GETAWAY HATS4(u) HATS7(v) R7(p) 3 98.62 3.259 97.42 – – – –
GDIs [E/In

6PN(Cb)] [P/Pd
6RA(Cb)] 2 98.03 3.73 97.19 4.024 97.11 0.021 323.7

Topological Sc1W c7W c3W 3 98.05 3.855 – – – – –
GETAWAY + WHIM + topological Ts H4(e) 2 97.68 4.053 96.77 – – – –
GETAWAY HATS7(m) R4(u) 2 95.78 5.466 91.28 – – – –
Topological Sc1W Sc3W 2 95.64 5.533 – – – – –
Topological C7W 1 95.22 5.589 – – – – –
GETAWAY + WHIM + top. Ts 1 92.40 7.069 90.83 – – – –
GDI [P/InG(Cb)] 1 92.33 7.10 89.76 7.68 90.00 �0.042 168.5
Topological IwD 1 91.97 7.270 – – – – –
GETAWAY REIG 1 88.98 8.515 85.64 – – – –

Heat of vaporization (HV) GDIs [V/Pd
1PN] [P/Pd1 M(Cb) ][E/In

2PN] 3 98.47 0.277 97.73 0.279 97.00 0.073 299.5
GETAWAY + WHIM + top. 0c3k R+

6(u) 3 98.42 0.281 97.57 – – – –
GETAWAY HATS6(u) R4(u) R+

1(m) 3 97.18 0.375 95.46 – – – –
GETAWAY + WHIM + topological 2c R+

6(u) 2 96.53 0.402 95.18 – – – –
GDIs [E/Pd

1CV(Cb)] [E/In
2S(Cb)] 2 96.27 0.416 93.74 0.493 94.09 �0.004 193.8

Topological c1W c2W c3W 3 95.65 0.459 – – – – –
GETAWAY HATS4(u) R6(e) 2 94.87 0.488 93.15 – – – –
Topological 4W 5W 2 92.62 0.577 – – – – –
Topological Z 1 91.78 0.429 – – – – –
GDI [V/In

5G(Cb)] 1 85.75 0.788 81.19 0.854 82.36 �0.029 96.3
GETAWAY + WHIM + topological 2c 1 88.61 0.705 80.80 – – – –
GETAWAY R2(m) 1 85.70 0.790 79.74 – – – –
Topological WW x1 2 84.27 0.820 – – – – –

Heat of formation (DHf) GETAWAY + WHIM + topological HATS5(m) HATS7(m) R4(e) 3 96.60 0.254 95.06 – – – –
GETAWAY + WHIM + topological 2c HATS2(e) 2 93.24 0.346 90.96 – – – –
GETAWAY HATS7(u) R2(m) 2 92.87 0.356 90.18 – – – –
GETAWAY + WHIM + topological HATS2(m) 1 89.34 0.421 87.18 – – – –
GDIs [E/In

1RA(Cb)] [E/In
2SE] [A/

Pd
2DE(Cb)]

3 93.12 0.245 87.06 0.296 87.20 0.112 63.2

Topological W1 W2 W3 3 87.05 0.492 – – – – –
Topological W1 W2 2 86.86 0.478 – – – – –
Topological 1/2c 1 86.68 0.471 – – – – –
GDIs [V/In

1DE(Cb)] [P/Pd
1CV(Cb)] 2 79.15 0.412 71.40 0.44 71.58 0.049 28.5

Topological WW x1 2 78.70 0.570 – – – – –
Entropy (S) GETAWAY + WHIM + topological vID,deg TWC R+

2(p) 3 97.96 0.711 97.17 – – – –
GETAWAY + WHIM + topological vID,deg TWC 2 97.14 0.814 96.42 – – – –
GDIs [E/In

1N2(Cb)] [P/In3 MX][P/Pd
3K] 3 97.41 0.802 96.23 0.852 95.48 0.049 175.24

GDIs [E/In
1RA] [E/In

1P3(Cb)] 2 95.6 1.008 94.10 1.067 93.44 0.009 163.08
GETAWAY ISH HATS8(m) R3(v) 3 95.84 1.016 93.45 – – – –
GETAWAY ISH R3(v) 2 94.76 1.101 92.19 – – – –
GDI [A/Pd

2G(Cb)] 1 92.64 1.263 91.31 1.294 91.45 �0.038 201.36
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4.4.2 Case 2. Boiling Point of 28 Alkyl-Alcohols

The boiling point (Bp) of a set of 28 alkyl-alcohols (see
Table 5) compiled by Kier and Hall[8b] was examined using
the new GDIs. The statistical information for the best re-

gressions with two, three, four and five parameters is de-
picted in Table 6.

It is interesting to observe that the models of two, four
and five parameters include local indices for hydrogen
atoms bonded to the oxygen atom and in the case of the

Table 4. (Continued)

Property Index Descriptor n R2 s QLoo
2 sCV Qboot

2 Ysc F

GETAWAY + WHIM + topological R3(v) 1 92.51 1.274 89.86 – – – –
Topological c[1/2] 1 91.10 1.400 – – – – –
Topological x1 x2 2 81.72 2.060 – – – – –
GETAWAY + WHIM + topological vID,deg TWC R+

2(p) 3 97.96 0.711 – – – – –
Molar volume (MV) GETAWAY + WHIM + topological Ks R+

6(u) RT+(m) 3 92.01 1.825 75.96 – – – –
GETAWAY HATS6(p) RT+(m) R1(v) 3 90.33 2.008 69.27 – – – –
Topological 5W 6W 7W 3 88.29 2.210 – – – – –
GETAWAY + WHIM + topological vID

M R+
6(u) 2 84.96 2.419 54.49 – – – –

GDIs [E/Pd
2Q1

E(Cb)] [V/Pd
1KE] [P/

Pd2 ME]

3 84.49 2.3 52.55 4.04 55.04 0.123 25.41

GETAWAY R+
6(u) R4(v) 2 81.79 2.662 45.49 – – – –

GETAWAY + WHIM + topological R6(v) 1 67.61 3.437 – – – – –
GDIs [P/Pd

2Q1
E(Cb)] [P/Pd

1KE] 2 65.62 3.43 19.08 5.12 25.42 0.069 13.48
Topological 3W 4W 2 62.76 3.807 – – – – –
Topological 7W 1 60.85 3.780 – – – – –

Table 5. Experimental and predicted values of the boiling point of alcohols R�OH used in this study.

Alcohol-R Found (8C) Calculated (8C)

A B C D E F

(CH3)2CH� 82.3 91.12 86.15 83.88 82.66 82.9 91.1
CH3CH2CH2� 97.2 102.76 101.13 99.47 100.37 96.0 97.4
CH3(CH2)3� 117.7 114.88 116.37 117.83 119.08 115.2 113.6
CH3CH(CH3)CH2� 107.8 112.75 109.72 109.46 109.73 108.0 109.0
CH3CH2C(CH3)2� 102.4 103.89 101.89 102.15 102.81 105.4 112.4
CH3CH2CH2CH(CH3)� 119.3 115.62 119.05 117.03 114.76 114.4 120.3
CH3CH(CH3)CH2CH2� 131.1 126.78 128.20 131.7 131.0 134.5 127.4
CH3CH2CH(CH3)CH2� 128.0 124.97 123.93 126.86 126.32 127.3 125.2
CH3(CH2)4� 137.9 130.64 134.62 136.51 135.33 134.3 131.8
CH3C(CH3)2CH(CH3)� 120.4 129.27 119.95 119.08 121.26 129.3 123.0
CH3(CH2)2C(CH3)2� 121.1 120.59 124.24 119.71 119.92 124.9 128.9
(CH3CH2)2C(CH3)� 122.4 118.02 121.85 121.69 122.10 121.9 126.3
CH3CH2C(CH3)2CH2� 136.5 139.98 134.14 134.15 137.12 142.5 138.4
CH3CH(CH3)CH2CH(CH3)� 131.6 129.23 131.27 132.63 130.33 133.9 133.4
CH3CH(CH3)CH(CH3CH2)� 126.5 127.33 129.58 129.35 128.31 121.9 128.7
CH3CH(CH3)CH(CH3)CH2� 144.5 138.75 135.73 139.61 139.81 146.7 138.3
CH3CH2CH2CH(CH3)CH2� 149.0 141.29 151.02 144.64 148.25 146.4 143.4
CH3(CH2)5� 157.6 156.23 155.95 159.62 158.59 153.4 169.8
(CH3CH(CH3))2CH� 138.7 145.49 144.90 147.23 142.04 136.4 139.0
CH3CH(CH3)CH2CH(CH3)CH2� 159.0 156.47 156.70 158.59 158.49 165.5 157.7
(CH3CH2)3C� 142.0 143.37 141.09 142.76 143.20 138.6 138.5
CH3(CH2)6� 176.4 174.33 175.11 175.74 173.95 172.5 172.2
(CH3CH2CH2)2(CH3)C� 161.0 158.08 162.53 159.36 160.77 160.9 161.3
(CH3(CH2)3)(CH3CH2)(CH3)C� 163.0 160.11 164.08 163.14 163.32 160.5 162.7
CH3CH(CH3)CH2(CH2)4� 188.0 191.38 191.92 189.72 190.92 191.6 188.3
CH3(CH2)7� 195.1 202.78 197.26 196.61 195.08 191.6 193.0
CH3(CH2)5C(CH3)2� 178.0 181.15 177.63 176.33 179.95 182.2 188.4
(CH3CH2CH2)2(CH3CH2)C� 182.0 179.22 180.48 181.49 180.54 177.6 177.0

Calculated values using: A) GDI, Equation 9; B) GDI, Equation 10; C) GDI, Equation 11; D) Equation 12; E) Spectral Moments; F) E-State.
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bivariate models one of variables is the local index for the
oxygen atom. This is perfectly explainable according to
chemistry, because the boiling point depends directly on
the strength of the hydrogen bridges and this is certainly
quantified with the local indices for the hydrogen atom
once directly bonded to the oxygen atom.

In conclusion, the best linear regression model obtained
to describe the BP of these chemicals, by using indices of
derivative molecular graph is given below, respectively:

Bp ¼ 59:26 ð�2:88Þ þ 2:29 ð�0:09Þ ðE=InÞDðH�OÞþ
1:01 ð�0:09Þ ðE=InÞDO

ð9Þ

N ¼ 28 R2 ¼ 97:18 QLoo
2 ¼ 96:42 s ¼ 4:91 �C

sCV ¼ 5:3 �C Qboot
2 ¼ 96:39 Ysc ¼ 0:003 F ¼ 436:61

Bp ¼ 68:37 ð�3:64Þ þ 1:00 ð�0:09Þ ðP=InÞN3ðCbÞþ
2:26 ð�0:21Þ ðP2=INÞN1ðCbÞ�3:74 ð�0:40Þ ðP3=InÞG

ð10Þ

N ¼ 28 R2 ¼ 99:07 QLoo
2 ¼ 98:77 s ¼ 2:91 �C

sCV ¼ 3:09 �C Qboot
2 ¼ 98:71 Ysc ¼ 0:03 F ¼ 848:57

Bp ¼ 59:37 ð�3:59Þ þ 18:82 ð�1:37Þ ðP=InÞN3ðCbÞ�
16:05 ð�1:27Þ ðP=InÞN3 þ 1:87 ð�0:15Þ ðA=InÞDðH�OÞ

ð11Þ

N ¼ 28 R2 ¼ 99:53 QLoo
2 ¼ 99:38 s ¼ 2:14 �C

sCV ¼ 2:2 �C Qboot
2 ¼ 99:29 Ysc ¼ 0:091 F ¼ 1207:89

Bp ¼ 75:79 ð�5:13Þ þ 14:26 ð�1:37Þ ðP=InÞN3 ðCbÞþ
1:22 ð�0:28Þ ðP2=InÞN1�16:62 ð�1:24Þ ðE=InÞ GðCbÞ�
9:68 ð�1:68Þ ðP=InÞN3 þ 0:94 ð�0:24Þ ðA=InÞDðH�OÞ

ð12Þ

N ¼ 28 R2 ¼ 99:61 QLoo
2 ¼ 99:4 s ¼ 1:95� sCV ¼ 2:15�

Qboot
2 ¼ 99:3 Ysc ¼ 0:106 F ¼ 1136:6

The values of experimental and calculated values of the
Bp for the data set (fourth models) are given in Table 5,
and the linear relationships between them (equation of five
parameters) are illustrated in Figures 4.

These models (Equations 10 and 12) explain from 98.8 %
to 99.5 % of the variance of the experimental Bp values.
Similar results were reported by Estrada and Molina,[14a] and
Kier and Hall[8b] by using spectral moment and E-state MDs,
respectively. The statistical parameters of the best equa-

Table 6. Result obtained by modeling boiling point of 28 alkyl-alcohols.

Index n R2 s QLoo
2 Qboot

2 Ysc sCV F

GDIs (Equation 9) 2 97.18 4.91 96.42 96.39 0.003 5.30 436.61
GDIs (Equation 10) 3 99.07 2.91 98.77 98.71 0.03 3.09 848.57
GDIs (Equation 11) 4 99.53 2.14 99.38 99.29 0.091 2.2 1207.9
GDIs (Equation 12) 5 99.61 2.15 99.4 99.3 0.106 2.15 1136.6
Local spectral moments 5 0.982 4.2 * * * * 23.8
E-State/encounter parameters 3 0.926 5.8 * * * * 204

* Value not reported

Figure 4. Scatter plot between experimental and calculated (by Equation 12) boiling points of data set containing 28 alcohols.

� 2014 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim Mol. Inf. 2014, 33, 343 – 368 356

Full Paper www.molinf.com

www.molinf.com


tions obtained by these authors are given in Table 6. Un-
fortunately, these authors (Estrada and Molina,[14a] as well as
Kier and Hall[8b]) did not report the results of the LOO.

However, it is remarkable that our models explain
a higher percentage of the variance of the experimental Bp
values than the previously developed models, showing
a decrease in the standard error of 46.92 % and 44.14 %
(models of 3 and 5 parameters), with regard to the results
previously achieved by Estrada and Molina[14a] and Kier and
Hall,[8b] respectively (see Table 6).

4.4.3 Case 3. Phisicochemical Property of Polychlorinated bi-
Phenyls (pcbs)

It is well-known that polychlorinated biphenyls are organic
contaminants. It has been demonstrated that they are
toxic, lipophilic and tend to be bioaccumulated. Four of the
physicochemical properties of environmental relevance for
PCB congeners have been chosen: melting point (mp), oc-
tanol water partition coefficient (log P), Henry’s law con-
stant (H), and aqueous water coefficient, expressed as the
negative logarithm (log YW).

The statistical parameters of the best four, three, two,
and one variable models for the four physicochemical
properties are reported in the Table 7, 8, 9 and 10, ordered
with respect to the decreasing values of the predictive abil-
ity (QLoo

2).
Below are the best linear regression models (Equa-

tions 13, 14, 15 and 16) for each of the studied properties :
Partition coefficient n-octanol-water (log P)

log P ¼ �20:05 ð�1:01Þ þ 9:10 ð�0:34Þ ðA3=PdÞNE
2

þ 0:007 ð�5:6 � 10�4Þ ðP3=PdÞN1

þ 0:12 ð�0:05Þ ðA3=InÞNE
3 ðHLÞ

� 0:23 ð�0:01Þ ðV3=InÞ AðCbÞ

ð13Þ

N ¼ 139 R2 ¼ 96:1 s ¼ 0:154 QLoo
2 ¼ 95:8 sCV ¼ 0:157

Qboot
2 ¼ 95:75 Ysc ¼ � 0:01 F ¼ 816:22

Table 7. Data set PCB: Molecular descriptors and statistical information for the best regressions of the log P with one, two, three, and four
variables.

Index Descriptor n R2 s QLoo
2 sCV Qboot

2 Ysc F

All l1
LP (P/W)4 L1m Ts 4 96.4 – 96.2 – – – –

GETAWAY + WHIM Ts HATS6(m) R5(u) R4(m) 4 96.2 – 96.0 – – – –
All ATS4m L1m Ts 3 96.1 – 95.9 – – – –
GETAWAY H5(m) H2(e) R6(e) R+

4(p) 4 96.2 – 95.9 – – – –
GDIs [A/Pd

3N2
E][P/Pd

3N1] [A/In
3N3

E(HL)] [V/In
3A(Cb)] 4 96.1 0.154 95.8 0.157 95.8 �0.01 816.2

GETAWAY + WHIM Ts As R4(m) 3 96.0 – 95.8 – – – –
Topological 2Xv BIC l1

LP PCR 4 96.0 – 95.7 – – – –
GETAWAY H2(p) R+

4(m) R6(e) 3 95.9 – 95.7 – – – –
GDIs [A/Pd

3N2
E] ][P/Pd

3N1] [V/In
3PN(Cb)] 3 95.9 0.157 95.6 0.16 95.6 �0.016 1048.7

Topological 2Xv SIC PCR 3 95.9 – 95.6 – – – –
BCUT BELm8 BEHp1 BELp2 BELp8 4 95.9 – 95.6 – – – –
WHIM E1u L2m Ts Av 4 95.7 – 95.4 – – – –
WHIM E1m Ts Au 3 95.7 – 95.4 – – – –
All (topological) 2Xv PCR 2 95.6 – 95.4 – – – –
BCUT BEHp1 BELp2 BELp8 3 95.5 – 95.2 – – – –
GETAWAY + WHIM L1u H2(p) 2 95.2 – 95.0 – – – –
Broto-Moreau ATS6m ATS6v ATS8v ATS8e 4 95.4 – 95.0 – – – –
GETAWAY HATS(u) H2(e) 2 95.2 – 95.0 – – – –
WHIM L1u As 2 95.2 – 95.0 – – – –
Broto-Moreau ATS6m ATS6v ATS8e 3 95.0 – 94.7 – – – –
Broto-Moreau ATS4m ATS7e 2 94.5 – 94.2 – – – –
All (WHIM) Tu 1 94.1 – 93.9 – – – –
BCUT BELe2 BELe4 2 94.0 – 93.7 – – – –
Broto-Moreau ATS7e 1 93.8 – 93.6 – – – –
BCUT BELv2 1 93.3 – 93.1 – – – –
topological DECC 1 92.8 – 92.6 – – – –
GETAWAY R2(v) 1 92.6 – 92.5 – – – –
GDI [E/In

2N2
E] ][E/In

3G] 2 91.4 0.227 90.9 0.229 90.9 �0.025 720.62
GDI [E/Pd

5N2
E] 1 85.5 0.293 85.1 0.294 85.35 �0.026 806.23

Constitutional AMW 1 84.8 – 84.5 – – – –
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Aqueous water coefficient (log YW)

log Yw ¼ �14:23 ð�1:17Þ þ 0:51 ð�0:10Þ ðA9=PdIÞMNE�
0:03 ð�0:005Þ ðE3=PdÞMþ 5:87 ð�0:36Þ ðP4=PdÞNE

2þ
0:64 ð�0:15Þ ðE4=PdÞ NE

3ðHTÞ
ð14Þ

N ¼ 87 R2 ¼ 89:1 s ¼ 0:304 QLoo
2 ¼ 88:1 sCV ¼ 0:308

Qboot
2 ¼ 85:73 Ysc ¼ 0:002 F ¼ 167:52

Henry’s law constant (H)

H ¼ 44:51 ð�2:18Þ �0:25ð0:06Þ ðA7=PdÞKðHTÞ�
14:64 ð�0:66Þ ðA9=ðInÞNE

2 ðHLÞ�
4:79 ð�0:93Þ ðV9=InÞCV þ 0:13 ð�0:008Þ ðV3=InÞQ1ðCbÞ

ð15Þ

N ¼ 21 R2 ¼ 98:0 s ¼ 0:386 QLoo
2 ¼ 96:2 sCV ¼ 0:466

Qboot
2 ¼ 95:87 Ysc ¼ 0:12 F ¼ 195:63

Melting point (Mp)

Mp ¼ 456:62 ð�85:20Þ þ 2:32 ð�0:21Þ ðE3=InÞQ3�
13:76 ð�2:60Þ ðV=InÞ RA�34:24 ð�6:38Þ ðA3=InÞMXE ðHTÞ�
0:033 ð0:008Þ ðP3=PdÞV ðCbÞ

ð16Þ

N ¼ 79 R2 ¼ 84:3 s ¼ 1:94 QLoo
2 ¼ 81:6 sCV ¼ 2:86

Qboot
2 ¼ 81:24 Ysc ¼ 0:01 F ¼ 100:9

It is interesting to highlight that in all cases the models
achieved with the new GDIs show statistical parameters
comparable to the best models reported in the literature
(see Table 7, 8, 9 and 10) and in some cases (see Table 8
and 9) four variable models obtained using the GDI
method possess statistical parameters superior to those re-
ported by other authors so far.[15]

4.4.4 Case 4. Biological Activities of 22 N,N-Dimethyl-2-halo-
phenethylamines

This final data set is comprised of 22 N,N-dimethyl-2-halo-
phenethylamines and has been broadly used by other spe-

Table 8. Data set PCB: Molecular descriptors and statistical information for the best regressions of the aqueous activity coefficient (logYw)
with one, two, three, and four variables.

Index Descriptor n R2 s QLoo
2 sCV Qboot

2 Ysc F

GDIs [A/Pd9MNE][E/Pd3 M][P/Pd
4N2

E][E/Pd
4N3

E(HT)] 4 89.1 0.304 88.1 0.308 85.73 0.002 167.52
All (GETAWAY + WHIM) Tv ITH R4(v) R+

1(p) 4 89.0 – 87.6 – – – –
GETAWAY ISH HATS4(u) H2(e) R+

1(p) 4 88.6 – 87.3 – – – –
All 2X ISH RT+(e) 3 87.8 – 86.6 – – – –
GETAWAY + WHIM Tp HATS5(e) RT+(e) 3 87.7 – 86.3 – – – –
GDIs [E/Pd3 M] [A/Pd3 MN(Cb)] [P/Pd

4N2
E] 3 87.1 0.328 85.8 0.336 85.33 �0.01 187.14

GETAWAY HATS5(u) H2(m) RT+(e) 3 86.8 – 85.3 – – – –
WHIM L1u P1p Gm Kv 4 86.5 – 84.8 – – – –
All 2X R+

5(e) 2 85.8 – 84.7 – – – –
GETAWAY + WHIM ISH R2(m) 2 85.1 – 84.1 – – – –
Topological 2X VIE

D,deg l1
LP PCD 4 85.8 – 84.0 – – – –

WHIM L1u Gu Ke 3 85.4 – 83.9 – – – –
Topological 1XCIC l1

LP 3 85.3 – 83.8 – – – –
Topological 1Xl1

LP 2 84.5 – 83.5 – – – –
GDIs [E/Pd3M] [P/Pd

4N2
E] 2 84.5 0.358 83.3 0.365 82.43 �0.021 229.46

BCUT BEHm7 BEHv3 BEHe4 BEHp5 4 84.3 – 82.1 – – – –
All (topological) 2X 1 82.6 – 81.8 – – – –
WHIM E2p Tu 2 82.6 – 81.5 – – – –
BCUT BEHm4 BELm2 BEHp5 3 82.8 – 81.4 – – – –
BCUT BELv2 BEHp5 2 82.4 – 81.2 – – – –
Broto-Moreau ATS4v ATS7e 2 82.5 – 81.0 – – – –
Broto-Moreau ATS8m ATS7v ATS5e 3 82.7 – 80.7 – – – –
Broto-Moreau ATS1e 1 81.0 – 80.2 – – – –
Broto-Moreau ATS4m ATS5v ATS8v ATS8e 4 82.6 – 80.1 – – – –
Constitutional Sv 1 80.9 – 80.1 – – – –
GETAWAY + WHIM R2(m) 1 80.9 – 80.0 – – – –
BCUT BELe2 1 80.8 – 79.9 – – – –
WHIM Ae 1 78.3 – 77.4 – – – –
GDI [P/Pd

4N2
E] 1 79.2 0.412 77.2 0.427 77.18 �0.03 324.03
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Table 9. Data set PCB: Molecular descriptors and statistical information for the best regressions of Henry’s law constant (H) with one, two,
three, and four variables.

Index Descriptor n R2 s QLoo
2 sCV Qboot

2 Ysc F

GDIs [A/Pd
7K(HT)] [A/In

9N2
E(HL)] [V/In

9CV] [V/In
3Q1(Cb)] 4 98.0 0.386 96.2 0.466 95.87 0.12 195.6

All (GETAWAY + WHIM) Du HATS4(m) R + 7(v) R7(p) 4 97.0 – 95.1 – – – –
GETAWAY H4(p) R4(m) R7(v) R+

7(e) 4 97.2 – 94.8 – – – –
GDIs [A/In

9N2
E(HL)] [V/In

3Q1(Cb)] [V/In
10 ME(HT)] 3 95.9 0.538 94.0 0.586 93.44 0.065 131.5

All (GETAWAY) HATS7(v) R4(m) R+
7(e) 3 95.5 – 93.4 – – – –

GDIs [A/In
9N2

E(AH)] [P/In3 V(Cb)] 2 92.7 0.693 90.4 0.739 89.91 �0.015 114.8
Topological SG (P/W)4 (P/W)5 W 4 93.1 – 88.0 – – – –
All (GETAWAY) HATS4(m) R3(e) 2 91.7 – 86.4 – – – –
WHIM E1u L2v E1e P1s 4 92.2 – 85.9 – – – –
Topological UNIP (P/W)4 W 3 91.6 – 85.3 – – – –
Broto-Moreau ATS4m ATS6m ATS8m 3 89.9 – 81.1 – – – –
Broto-Moreau ATS4m ATS3m ATS8m ATS8e 4 91.0 – 80.1 – – – –
WHIM P1m P2e E1e 3 87.7 – 78.3 – – – –
Topological 2X (P/W)4 2 84.4 – 76.4 – – – –
BCUT BELv6 BEHe4 BEHp7 BEHp8 4 85.3 – 71.7 – – – –
All (GETAWAY) R8(u) 1 74.3 – 66.3 – – – –
BCUT BEHe4 BEHp7 BELp6 3 78.4 – 63.8 – – – –
Broto-Moreau ATS4m ATS8m 2 76.6 – 63.2 – – – –
Topological (P/W)4 1 70.4 – 61.4 – – – –
WHIM E1e E3e 2 71.2 – 58.7 – – – –
GDIs [E/In5 V(Cb)] 1 60.8 1.57 54.4 1.61 54.66 �0.015 29.51
WHIM E1e 1 64.1 – 52.9 – – – –
BCUT BELm6 BEHp7 2 50.2 – 24.3 – – – –
Broto-Moreau ATS4m 1 36.6 – 19.8 – – – –
BCUT BEHp7 1 23.1 – 5.4 – – – –

Table 10. Data Set PCB: Molecular descriptors and statistical information for the best regressions of the melting point (mp) with one, two,
three, and four variables.

Index Descriptor n R2 s QLoo
2 sCV Qboot

2 Ysc F

All TIC ATS7e G1s Tu 4 84.6 – 82.0 – – – –
GDIs [E/In

3Q3][V/InRA][A/In3 MXE(HT)][P/Pd3 V(Cb)] 4 84.3 2.07 81.6 2.86 81.24 0.01 100.9
GETAWAY + WHIM Gm H3(u) R1(e) R+

2(e) 4 83.9 – 81.3 – – – –
GETAWAY ITH H3(u) HATS1(u) R+

2(e) 4 83.7 – 80.8 – – – –
All VIE

D,deg Tu R+
2(m) 3 83.2 – 80.8 – – – –

WHIM G1mL2vTuAm 4 83.7 – 80.4 – – – –
GETAWAY + WHIM Tu Gm R+

2 (v) 3 82.4 – 80.0 – – – –
GETAWAY ITH HT(e) R1(p) 3 79.0 – 81.6 – – – –
WHIM Tu Am Gm 3 81.7 – 78.9 – – – –
Topological VIE

D,deg CIC (P/W)2 (P/W)5 4 81.2 – 77.9 – – – –
All VIE

D,deg Tu 2 79.9 – 77.5 – – – –
GDIs [E/In

3Q3][V/InRA][A/In3 MXE(HT)] 3 80.5 6.52 77.4 6.87 72.06 0.001 74.9
GETAWAY + WHIM Tu Gs 2 79.8 – 77.4 – – – –
Topological 2X VIE

D,deg s 3 79.3 – 76.3 – – – –
GETAWAY IsH R3(e) 2 74.4 – 77.3 – – – –
GDIs [E/In

3Q3][V/InRA] 2 77.5 7.32 74.8 7.19 70.08 �0.01 101.7
Topological TIC UNIP 2 75.7 – 73.0 – – – –
BCUT BELm5 BELv4 BELp3 BELp8 4 63.7 – 69.3 – – – –
All (WHIM) Tu 1 71.2 – 69.0 – – – –
BCUT BELm5 BELv4 BELp3 3 71.9 – 68.5 – – – –
BCUT BELm5 BELp3 2 69.8 – 67.0 – – – –
Broto-Moreau ATS5m ATS7v 2 69.1 – 65.8 – – – –
Broto-Moreau ATS7e 1 68.1 – 65.7 – – – –
Topological UNIP 1 67.4 – 65.0 – – – –
BCUT BELv2 1 66.5 – 64.0 – – – –
GETAWAY R7(v) 1 66.1 – 63.5 – – – –
Constitutional AMW 1 61.5 – 58.7 – – – –
GDI [V/In

3Q1(Cb)] 1 61.4 11.86 58.6 11.59 54.49 �0.02 97.83
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cialists in QSAR studies.[15] The response is the antagonism
of these compounds to epinephrine in rat models (log 1/
ED50). Table 11 shows the statistical information for the best
regressions with one, two, three and four MDs, ordered
with respect to decreasing values of predictive ability
(QLoo

2).
The best linear regression models obtained to describe

the Bp of these chemicals, using GDI are given below, re-
spectively:

log
1

ED50

� �
¼ 7:46 ð�0:38Þ � 0:22 ð�0:02Þ ðV=InÞQ2�

9� 10�5 ð�2� 10�5Þ ðV=PdÞSðAHÞ þ ð0:024 ð�7:8� 10�4Þ
ðV=PdÞP3ðCbÞ þ 0:57 ð�0:10Þ ðA7=PdÞDEEðCbÞ

ð17Þ

N ¼ 22 R2 ¼ 98:44 s ¼ 0:0789 QLoo
2 ¼ 97:10

sCV ¼ 0:0945 Qboot
2 ¼ 94:83 Ysc ¼ 0:118 F ¼ 267:62

log
1

ED50

� �
¼ 8:67 ð�0:47Þ � 0:19 ð�0:03Þ ðV=InÞQ2þ

0:023 ð�0:001Þ ðV=PdÞP3ðCbÞ þ 1:79 ð�0:63Þ ðE=InÞQE
1

ð18Þ

N ¼ 22 R2 ¼ 96:65 s ¼ 0:112 QLoo
2 ¼ 95:06

sCV ¼ 0:123 < þ < Qboot
2 ¼ 94:30 Ysc ¼ 0:053 F ¼ 173:2

Log
1

ED50

� �
¼ 8:42 ð�0:54Þ � 0:23 ð�0:02Þ ðV=InÞQ2þ

0:024 ð�0:001Þ ðV=PdÞP2ðCbÞ
ð19Þ

N ¼ 22 R2 ¼ 95:21 s ¼ 0:13 QLoo
2 ¼ 93:56 sCV ¼ 0:141

Qboot
2 ¼ 93:53 Ysc ¼ 0:021 F ¼ 188:95

log
1

ED50

� �
¼ þ4:21 ð�0:61Þ þ 0:014 ð�0:002Þ ðV=PdÞP3ðCbÞ

ð20Þ

N ¼ 22 R2 ¼ 73:34 s ¼ 0:30 QLoo
2 ¼ 67:65 sCV ¼ 0:3157

Qboot
2 ¼ 69:54 Ysc ¼ �0:02 F ¼ 55:03

Table 11. Data set phenetylamines: Molecular descriptors and statistical information for the best regressions of the adrenergic blocking ac-
tivity log(1/ED50) with one, two, three, and four variables.

Index Descriptor n R2 s QLoo
2 sCV Qboot

2 Ysc F

All MSD As H2(v) R4(u) 4 98.5 – 97.7 – – – –
GETAWAY + WHIM E2v P2s Tv HATS1(m) 4 98.4 – 97.4 – – – –
WHIM E1v G2p P1s Tv 4 98.2 – 97.4 – – – –
GDIs [V/InQ2][V/InS(AH)][V/PdP3(Cb)][A/Pd

7DE(Cb)] 4 98.4 0.079 97.1 0.095 94.83 0.118 267.6
All (P/W)4 Tv R4(e) 3 97.6 – 96.4 – – – –
GETAWAY + WHIM P1s Tv R4(e) 3 97.2 – 95.9 – – – –
WHIM E1v P1s Tv 3 97.2 – 95.8 – – – –
Topological ICPX IAC 3AECC 4 97.2 – 95.8 – – – –
GDIs [V/InQ2] [V/PdP3(Cb)][E/InQE

1)] 3 96.7 0.112 95.1 0.123 94.3 0.053 173.2
BCUT BELm2 BELm5 BEHv5 BEHv6 4 96.1 – 93.8 – – – –
GDIs [V/InQ2] [V/PdP2(Cb)] 2 95.2 0.13 93.6 0.141 93.53 0.021 188.9
GETAWAY HATS3(u) HATS(u) H4(m) H1(v) 4 95.8 – 93.1 – – – –
Topological IAC IDVE 3 3 94.4 – 92.5 – – – –
All Ms MSD 2 94.3 – 92.2 – – – –
GETAWAY HATS6(v) H4(e) HATS7(p) 3 94.1 – 91.2 – – – –
BCUT BEHm5 BEHv6 BEHp5 3 93.8 – 91.2 – – – –
GETAWAY + WHIM E3u L1v 2 93.9 – 90.8 – – – –
BCUT BEHv6 BEHp5 2 91.5 – 89.2 – – – –
Broto-Moreau ATS2e ATS7e ATS6p 3 92.5 – 86.8 – – – –
GETAWAY H4(v) H3(p) 2 85.6 – 81.0 – – – –
Topological MSD VM1 2 85.1 – 80.1 – – – –
All (WHIM) Tv 1 83.2 – 79.4 – – – –
Broto-Moreau ATS6v ATS8v ATS5e ATS8e 4 91.1 – 76.3 – – – –
GDI [V/PdP3(Cb)] 1 73.3 0.3 67.7 0.316 69.54 �0.02 55.03
Constitutional Sv Mv 2 75.0 – 66.7 – – – –
BCUT BEHv6 1 70.1 – 66.3 – – – –
Constitutional Sp 1 71.5 – 64.9 – – – –
Constitutional Sv Se nCl 3 75.3 – 64.5 – – – –
Broto-Moreau ATS3v ATS5e 2 70.4 – 61.2 – – – –
GETAWAY H4(m) 1 65.2 – 57.0 – – – –
Topological VIDE 1 56.6 – 48.2 – – – –
Broto-Moreau ATS8v 1 44.0 – 31.3 – – – –
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Table 12 shows the experimental (or observed) and calcu-
lated values attained with the equations 17, 18, 19 and 20,
as well as their respective residual values.

4.5 External Validation for QSPR Models

While internal cross�validation methods give criteria on
a model’s robustness, the true predictive power should be
evaluated on a set of compounds not employed during its
development, i.e. following an external validation work
flow. However, with difficulty in obtaining new experimen-
tally tested compounds for external validation purposes, an
alternative involves the splitting the initial dataset into
training and test sets. A proper splitting method is essential
to ensure representatives, diversity and independence of
the training and test sets. In this section, QSPR models
were obtained for the Polychlorinated bi-phenyls (PCBs)
and N,N-dimethyl-2-halo-phenethylamines (Phenet) data-
sets, respectively, following an external validation scheme.
In both cases, the datasets were split using the statistical
technique k-Means Cluster Analysis (k-MCA). Clustering

quality was taken into account using the intra and inter
cluster sum of the squared errors (SSE), also known as the
scatter. Then the construction of the training and test sets
was randomly performed, selecting compounds from each
cluster. In order to check for possible variability in the re-
sults due to biased selection of training and test com-
pounds, a 10-fold external validation was carried out. The
statistical parameters obtained with the repetitions were
practically identical and thus parameters from the first ex-
ternal validation were considered.

Note that although the PCB dataset is comprised of 209
compounds, many of these do not have the corresponding
experimental values for the 4 modeled physicochemical
properties reported. As a result, the sizes of the training
and test sets for the PCB data vary according to the mod-
eled property (see Table 13).

Tables 14 and 15 show the statistic parameters of the
best models with two, three and four MDs founded in each
case. At can be observed in all the cases the obtained
models show high predictive power.

Table 12. Value of log(1/ED50) calculated with Equations 17, 18, 19, 20 and their residual ones.

No Observed Calculated Residual

Eq. 17 Eq. 18 Eq. 19 Eq. 20 Eq. 17 Eq. 18 Eq. 19 Eq. 20

1 7.46 7.48 7.47 7.49 7.82 0.02 0.01 0.03 0.36
2 8.16 8.15 8.16 8.11 7.8 �0.01 0 �0.05 �0.36
3 8.68 8.84 8.71 8.67 8.31 0.16 0.03 �0.01 �0.37
4 8.89 8.89 8.99 8.91 8.64 0 0.1 0.02 �0.25
5 9.25 9.16 9.24 9.11 8.94 �0.09 �0.01 �0.14 �0.31
6 9.3 9.22 9.16 9.09 8.6 �0.08 �0.14 �0.21 �0.70
7 7.52 7.5 7.58 7.61 7.84 �0.02 0.06 0.09 0.32
8 8.16 8.1 8.06 8.07 8.32 �0.06 �0.1 �0.09 0.16
9 8.3 8.22 8.29 8.26 8.64 �0.08 �0.01 �0.04 0.34
10 8.4 8.49 8.5 8.41 8.93 0.09 0.1 0.01 0.53
11 8.46 8.45 8.42 8.43 8.55 �0.01 �0.04 �0.03 0.09
12 8.19 8.28 8.3 8.41 8.35 0.09 0.11 0.22 0.16
13 8.57 8.62 8.5 8.52 8.65 0.05 �0.07 �0.05 0.08
14 8.82 8.72 8.66 8.72 8.55 �0.1 �0.16 �0.1 �0.27
15 8.89 8.78 8.79 8.87 8.82 �0.11 �0.1 �0.02 �0.07
16 8.92 8.93 8.97 8.99 9.12 0.01 0.05 0.07 0.2
17 8.96 9.03 9.13 9.19 9.02 0.07 0.17 0.23 0.06
18 9 9.01 9.03 9.05 9.13 0.01 0.03 0.05 0.13
19 9.35 9.33 9.21 9.17 9.42 �0.02 �0.14 �0.18 0.07
20 9.22 9.29 9.36 9.38 9.32 0.07 0.14 0.16 0.1
21 9.3 9.32 9.43 9.5 9.2 0.02 0.13 0.2 �0.1
22 9.52 9.49 9.36 9.37 9.36 �0.03 �0.16 �0.15 �0.16

Table 13. Partition of the PCB and Phenet data set for each property, for the external validation.

Set PCB Phenet

H Log Yw Log P MP log 1/ED50

Total compounds 209 209 209 209 22
Reported values 21 87 139 79 22
Missing values 188 122 70 130 0
Training objects 16 66 105 60 17
Test objects 5 21 34 19 5
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The values for the MDs used to construct the models in
this section are available as Supporting Information (SI2).

5 Linear Independence and Structure/
Physicochemical Interpretation of New MDS

Although theoretical MDs have attracted increasing atten-
tion in recent years as valuable tools for different chemo-
metric tasks, little progress has been made in the effort to
address the interrogative on their interpretation in structur-
al, or even better, physicochemical terms. This is probably
due to the elusive nature of the task of rationalizing trends
observed as a result of the application of strictly mathemat-
ical algorithms to chemical structure representations. None-
theless a couple of papers could be mentioned in the liter-
ature dedicated to structural and physicochemical interpre-
tation of well-known MDs, such as the molecular connectiv-
ity indices. Certainly, it is “healthy” for any new family MDs
to have structural and physicochemical interpretations, but
as it has been explained in several reports, this is a desirable
property rather than an imperative one and the lack of in-
terpretation for MDs does not demerit their usability.[12] On
the other hand, more than finding interpretations, of far
greater importance is the orthogonality of new MDs with
respect to the existing ones as this delineates between
novelty and “preexistence” in the sense that MDs collinear

with existing ones do not codify distinct structural informa-
tion, while the opposite is true. In this manuscript, we at-
tempt to carry out both studies, first to evaluate the possi-
ble linear independence of the GDI with respect to all fami-
lies of DRAGON’s MDs (0D-3D) and preliminary efforts to
give structural and physicochemical interpretations to the
novel MDs.

5.1 Analysis of Molecular Information Captured by GDIs and
Their Linear Independence

The primary objective of this section is to compare the in-
formation contained in the GDIs and those implemented in
the DRAGON software,[1,21] as a measure of the practical
utility of the discrete derivative approach in characterizing
molecular structures. The choice of DRAGON’s software is
not arbitrary, as it is comprised of probably the most di-
verse collection of MDs defined so far in the literature, and
correlation or even better orthogonality between a novel
set of MDs and DRAGON’s MDs would award reasonable
credibility to the former. For this analysis, we use 41 hetero-
geneous molecules of DRAGON’s sample data (methane
not considered). The descriptor calculations were per-
formed using DIVATI software, a new module of TOMO-
COMD-CARDD program that offers rapid and low-computa-
tional-cost calculations of the proposed MDs.[19]

Table 14. Data set PCB: molecular descriptors and statistical information for the best regressions of the melting point (mp) with two,
three, and four variables with external validation.

Index Descriptor N R2 s Q2 sCV Qboot
2 Q2

ext Ysc F

Partition coefficient N-octanol-water (log P)
GDI [P/Pd

3N1][A/In
3N3

E(HL)][V/In
3A(Cb)][A/Pd

3N2
E] 4 94.85 0.146 94.38 0.148 94.34 97.87 �0.005 460.22

GDI [P/Pd
3N1] [A/Pd

3N2
E] [V/In

3PN(Cb)] 3 94.68 0.147 94.28 0.150 94.26 97.70 �0.013 599.32
GDI [V/In

3A(Cb)] [A/Pd
3N2

E] 2 88.58 0.215 87.70 0.220 87.63 94.39 �0.020 395.56
Aqueous water coefficient (log YW)
GDI [A/Pd9 MNE][E/Pd3 M][P/Pd

4N2
E][E/Pd

4N3
E(HT)] 4 82.98 0.339 80.52 0.349 78.95 93.84 0.022 75.58

GDI [E/Pd3 M] [P/Pd
4N2

E] [A/Pd3 MN(Cb)] 3 81.55 0.350 79.54 0.358 79.45 93.39 0.007 92.83
GDI [A/Pd9 MNE] [P/Pd

4N2
E] 2 77.80 0.381 75.74 0.389 75.59 91.50 �0.009 112.17

Henry’s law constant (H)
GDI [A/Pd

7K(HT)] [A/In
9N2

E(HL)] [V/In
9CV] [V/In

3Q1(Cb)] 4 96.48 0.435 91.64 0.548 88.42 98.75 0.208 68.52
GDI [A/In

9N2
E(HL)] [V/In

9CV] [P/In3 V(Cb)] 3 93.91 0.546 88.55 0.641 86.75 92.37 0.103 56.54
GDI [A/In

9N2
E(HL)] [P/In3 V(Cb)] 2 91.18 0.629 85.80 0.714 85.51 88.86 0.035 62.00

Melting point (Mp)
GDI [V/PdS(Cb)] [V/InRA] [E/In

3Q3] [A/In3 MXE(HT)] 4 81.13 17.01 76.83 18.03 75.68 77.06 0.032 58.04
GDI [A/In

4Q3
E] [V/InRA] [E/In

3Q3] 3 73.56 19.95 69.33 20.74 68.56 77.11 0.016 51.01
GDI [V/InRA] [E/In

3Q3] 2 69.84 21.11 65.49 22.00 65.25 78.33 �0.049 64.86

Table 15. Data set phenetylamines: Molecular descriptors and statistical information for the best regressions of the adrenergic blocking
activity [log(1/ED50)] with one, two, three, and four variables with external validation.

Index Descriptor n R2 s Q2 sCV Qboot
2 Q2

ext Ysc F

GDI [V/PdP3(Cb)][V/PdP2(Cb)][V/InQ2][E/InQ1
E] 4 97.88 0.086 96.03 0.099 94.24 95.79 0.143 138.4

GDI [V/PdP3(Cb)][V/InQ2][A/Pd
7DEE(Cb)] 3 96.69 0.104 94.56 0.116 94.14 95.78 0.095 126.47

GDI [V/PdP3(Cb)][V/InQ2] 2 94.79 0.125 92.42 0.137 92.16 94.74 0.027 127.30
GDI [V/PdP3(Cb)] 1 77.79 0.250 68.58 0.279 71.75 65.39 �0.016 52.54
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For this study, factor analysis using the principal compo-
nents method is performed. This is a powerful tool used to
condense the information contained in several variables
into a reduced number of weighted composites. The theo-
retical aspects of this statistical technique have been exten-
sively explained elsewhere.[23] The general objectives of
factor analytical techniques are (1) data reduction and (2) in-
terpretation of the underlying relationship between varia-
bles, i.e. , to classify variables. In this context, factor loadings
(or artificial variables) are obtained from original (MDs) vari-
ables. These factors capture most of the “essence” of the
MDs because they are a linear combination of the original
items. Because each factor is defined to maximize the varia-
bility that is not captured by the preceding factor, consecu-
tive factors are orthogonal to each other. Therefore, the
first factor is generally more highly correlated with the vari-
ables than the other factors. Two important inferences
could be made from this study (1) variables with a high
loading in the same factor are correlated and this correla-
tion will be greater the higher the loadings, (2) no correla-
tion exists between variables having nonzero loadings in
only different factors. The existence of linear independence
has been claimed by Randic as one of the desirable attri-
butes for novel TIs.

Factor analysis is performed with the STATISTICA soft-
ware[24] and the “varimax normalized” is used as the rota-
tional strategy to obtain a clear pattern of loadings, i.e. , fac-
tors that are clearly marked by high loadings for some vari-
ables and low loadings for others. This rotation strategy
maximizes the variances of the square normalized factor
loadings (row factor loadings divided by square roots of the
respective communalities) across variables for each factor,
permitting a clearer interpretation of the factors without
loss of orthogonality among them. In this analysis, only
factor loadings greater than 0.60 are considered as “mean-
ingful”.

Table that reflects the factor loadings of all the MDs used
in this study is available as Supporting Information (Table
SI3). Table 16 shows the eigenvalues and the percentages
of the explained variance by 10 principal factors of this
analysis, which explain approximately 80.64 % of the cumu-
lative variance.

An analysis of the factor loadings in Table SI3 reveals
robust representativity in Factor 1 (30.21 %) for GDIs and
DRAGON MDs, particularly in the case of the former: molec-
ular path counts, Broto-Moreau autocorrelation indices, ei-
genvalue-based indices, Burden eigenvalue descriptors,
Randic molecular profiles, RDF Descriptors, A and V total
size indices (WHIM descriptors), and to a lesser extent, mo-
lecular properties (Hypnotic-80, Infective-80 and GVWAI-80)
and 2D frequency fingerprints. A similar trend is observed
in Factor 2 (13.66 %) with strong loadings for GDIs and
DRAGON MDs (constitutional descriptors, topological de-
scriptors, walk and paths counts, connectivity indices, infor-
mation indices, 2D autocorrelations, spectral moments,
Burden eigenvalue descriptors, eigenvalue-based descrip-
tors, Randic Molecular profiles, geometric descriptors, 3D-
MoRSE descriptors, WHIM descriptors and GETAWAY de-
scriptors). The existence of correlation between GDIs and
DRAGON MDs suggests that the former are able to capture
structural information codified by the latter, although as
can be appreciated the DRAGON MDs encompass a wide
range of theories, formalisms and dimensions.

On the other hand, GDIs are solely loaded in Factor 3
(9.90 %), Factor 4 (5.38 %) and Factor 10 (2.51 %); and
almost exclusively in Factor 7 (3.63 %) and F9 (2.95 %) with
very minimal loading from DRAGON’s MDs (constitutional
descriptors, eigenvalue-based indices, WHIM descriptors).
The existence of orthogonality between GDIs and DRAG-
ON’s MDS, suggests that the former codify structural infor-
mation not captured by the latter, which rationalizes the
contribution of the new mathematical approach for the co-
dification of the geometric space of a molecular structure.

An important inference from this study is that GDIs
codify structural information not adequately described by
DRAGON’s MDs, in addition to capturing all the information
codified by the latter indices, which suggests practical rele-
vance of the discrete derivative approach in characterizing
molecular structures.

5.2 Structural and Physicochemical Interpretation

5.2.1 Interpretation and Influence of Structural Changes on
Total and Local (Atom) Derivative Indices

The structural influence on the total (whole molecule) and
local (atom-based) GDIs may be revealed by examining sev-
eral sets of calculations in which features are systematically
varied. In this sense, the following structural effects on
total and local derivative indices are investigated: a) effect
of chain length, b) effect due to branching, c) effect across
multiple bonds, and d) effect due to heteroatom change.
The GDI tendencies due to these structural features are
shown in Tables 17–20, respectively. These tables show the
values of the atom-level GDIs (first using all possible con-
nected-subgraphs and followed by all first-, second-, and
third connected-subgraphs orders, separately). Besides,
some total invariants were computed (N1, N2 and G). All

Table 16. Eigenvalues and percentages of the explained variance
by ten principle factors.

Factors Eigenvalue % Total variance % Cumulative variance

F1 1069.67 30.22 30.22
F2 483.65 13.66 43.88
F3 350.54 9.90 53.78
F4 190.79 5.39 59.17
F5 171.38 4.84 64.01
F6 148.75 4.20 68.21
F7 128.61 3.63 71.85
F8 117.81 3.33 75.18
F9 104.44 2.95 78.13
F10 89.03 2.51 80.64
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Table 17. The changes in GDIs due to chain lengthening in alkanes.

Atom (i) ED ED1
ED2

ED3
E X


 



1
E X


 



2
Ex


 



C1 11.17 1.00 2.00 1.00 – – –
C2 6.17 3.00 2.00 1.00 – – –
Total – – – – 34.67 18.04 8.3

C1 17.33 1.00 2.50 3.00 – – –
C2 9.33 3.00 3.50 2.00 – – –
C3 7.33 4.00 4.00 2.00 – – –
Total – – – – 60.67 28.79 11.39

C1 24.40 1.00 2.50 4.00 – – –
C2 13.32 3.00 4.50 4.00 – – –
C3 9.58 4.00 6.00 4.00 – – –
Total – – – – 94.60 41.58 14.60

C1 32.30 1.00 2.50 4.50 – – –
C2 18.03 3.00 4.50 5.50 – – –
C3 12.58 4.00 7.00 6.33 – – –
C4 11.17 4.00 8.00 6.67 – – –
Total – – – – 137.00 56.38 17.95

Table 18. Changes in GDIs due to branching in the pentanes’ skeleton.

Atom (i) ED ED1
ED2

ED3
E X


 



1
E X


 



2
Ex


 



C1 17.33 1.00 2.50 3.00 – – –
C2 9.33 3.00 3.50 2.00 – – –
C3 7.33 4.00 4.00 2.00 – – –
Total – – – – 60.67 28.79 11.39

C1 12.08 2.00 7.17 6.25 – – –
C2 8.71 7.00 6.06 4.67 – – –
C3 7.78 4.00 8.89 2.42 – – –
C4 13.90 1.00 3.83 6.25 – – –
Total – – – – 54.55 24.93 10.66

C1 10.50 3.00 14.50 5.33 – – –
C2 12.00 12.00 10.00 9.33 – – –
Total – – – – 54.00 24.19 10.78
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MDs were calculated using Pauling-electronegativity as
atom-

As can be observed in Tables 17–20, the GDIs encode in-
formation about size, branching, multiple bonds and heter-
oatom content. Firstly, chain lengthening (from butane to
heptane) is accompanied with a progressive increase in the
whole-molecule GDI values. Therefore, for a homologous
series the GDI increases adequately with the addition of
each methylene group (see the last column in Table 17).

The influence of branching on the local (atom) and total
derivative indices in alkanes is illustrated in Table 18 using
the isomers of pentane as an example. As can be observed,
terminal methyl groups (for instance C1) show a decrease in
their values (ED equal of 17.33, 12.08 and 10.50 for pen-
tane, 2-methyl-butane and t-pentane, respectively). Like-
wise, the total indices steadily decrease with branching: k
EX̄k 1 of 60.67, 54.55, and 54, respectively (see Table 18).
This table shows that total and local (atom-based) deriva-
tive indices are able to discriminate among the pentane’s
branching isomers.

On the other hand, the introduction of multiple bonds
yields higher ED values in this order: ED(Csp) &

ED(Csp2)& ED(Csp3), demonstrating the dependence of the
ED values on the nature and topology of the atoms invol-
ved(see Table 19). Furthermore, atoms belonging to termi-
nal multiple bonds possess lower ED values relative to the
inner ones. This behavior also mirrors the inductive effect
and the reduction in topological freedom or an increase in
steric hindrance, that is, this local parameter represents the
accessibility from outside of atoms in subgraphs of order 2
in the molecule.

Thus, the GDIs are interpreted as a component of the
“molecular accessibility” coming from contributions of sub-
graphs of length 2 in the molecule. On the other hand, the
global invariants are capable of discriminating between sa-
turated and unsaturated (double and triple bonds) isomers
(see Table 19). For instance, the molecules of 1-butene
(40.50) and 1-butyne (53.22) are adequately discriminated
from their isomers 2-butene (44.67) and 3-butyne (56.33),
respectively.

Finally, the value of these indices for Butane, for Propyla-
mine, Propan-1-ol and for 1-Fluoro-propane increase in this
same order, in correspondence to the electronegativity
value of the following atoms: C, N, O, F (see Table 20). Ad-

Table 19. The influences of unsaturation on the GDIs in hydrocarbons.

Atom (i) ED ED1
ED2

ED3
E X


 



1
E X


 



2
Ex


 



C1 11.17 1.00 2.00 1.00 – – –
C2 6.17 3.00 2.00 1.00 – – –
Total – – – – 34.67 18.04 8.30

C1 12,33 0.83 1.83 0.67 – – –
C2 7.58 3.17 2.67 1.67 – – –
C3 5.92 3.33 2.17 0.67 – – –
C4 14.67 1.00 2.67 2.33 – – –
Total – – – – 40.50 21.44 9.49

C1 16.44 0.83 2.50 1.58 – – –
C2 9.78 3.83 3.83 2.83 – – –
C3 7.25 4.00 3.17 1.17 – – –
C4 19.75 1.00 3.50 4.08 – – –
Total – – – – 53.22 28.44 12.32

C1 13.67 1.67 3.33 2.67 – – –
C2 8.67 3.67 3.33 2.67 – – –
Total – – – – 44.67 22.89 10.88

C1 16.58 2.50 5.00 4.50 – – –
C2 11.58 4.50 5.00 4.50 – – –
Total – – – – 56.33 28.61 13.86
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ditionally, the introduction of a heteroatom into an alkane
molecule produces an effect on the ED of the adjacent
carbon-atom (C2) proportional to Pauling’s electronegativity
value for the heteroatom. For example, ED of the carbon-
atom adjacent to the nitrogen, oxygen and fluorine atom
are 6.52, 6.84, and 7.30, respectively (see Table 20).

These simple examples demonstrate that variation of the
GDIs values with alkyl-chain lengthening, branching, heter-
oatoms-content, and multiple bonds is consistent with logi-
cal trends due to structural changes in molecules.

Similarly, we may interpret the effect of “higher” order
total and local derivative indices, starting from contribu-
tions of “subgraphs” of different orders 3, 4, 5, etc. In any
case, whether a complete series of indices is considered, or
a specific characterization of the chemical structure, the
generalization of the descriptors to “superior analogs” is
necessary for the evaluation of situations where only one
descriptor is unable to produce good structural characteri-
zation.[12]

5.2.2 Preliminary Trends in Electronic and Steric Influence

A good test of the validity of the information encoded by
new indices is to evaluate the correlation between GDI and
nuclear magnetic resonance (RMN) chemical shifts. This ex-

perimental property reflects the environment of an atom in
a molecule due to electronic, topologic and steric influen-
ces. In fact, Kier and Hall previously used this approach in
order to discover and/or indicate that E-state values
encode both attributes using E-state of oxygen atoms in
a series of ethers and carbonyl chemicals.[8b] Here, will use
this data in order to validate the codification of these struc-
tural attributes by the GDIs. These indices were compared
with the 17O chemical shifts as shown in Tables 21 and 22
(also see Equation 21 and Equation 22, respectively). The
best correlations are depicted below

17O RMN ðcarbonylsÞ ¼ 588:88 ð�3:17Þ�
4:12 ð�0:41Þ ED3ðC1Þ

ð21Þ

R2 ¼ 0:94 s ¼ 5:0218 Q2 ¼ 0:94 sCV ¼ 2:34 F ¼ 102:55

17O RMN ðethersÞ ¼ � 247:01 ð�18:39Þþ
41:87 ð�2:86Þ VD1ðOÞ

ð22Þ

R2 ¼ 0:96 s ¼ 8:01 Q2 ¼ 0:94 sCV ¼ 4:49 F ¼ 214:60

The correlation between the atom-based GDI and chemi-
cal shifts are rather close. Therefore, the new MDs encode

Table 20. The influence of heteroatoms on the GDI values.

Atom (i) ED ED1
ED2

ED3
E X


 



1
E X


 



2
Ex


 



C1 11.17 1.00 2.00 1.00 – – –
C2 6.17 3.00 2.00 1.00 – – –
Total – – – – 34.67 18.04 8.30

N 12.17 1.22 2.45 1.64 – – –
C2 6.52 3.22 2.22 1.30 – – –
C3 6.69 3.00 2.22 1.30 – – –
C4 11.29 1.00 2.00 1.03 – – –
Total – – – – 36.67 19.05 8.80

O 13.21 1.44 2.88 2.23 – – –
C2 6.84 3.44 2.44 1.57 – – –
C3 7.17 3.00 2.44 1.57 – – –
C4 11.53 1.00 2.00 1.09 – – –
Total – – – – 38.75 20.14 9.30

F 14.81 1.76 3.52 3.09 – – –
C2 7.30 3.76 2.76 1.94 – – –
C3 7.87 3.00 2.76 1.94 – – –
C4 11.97 1.00 2.00 1.20 – – –
Total – – – – 41.96 21.86 10.05
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relevant structural information for this property, mainly re-
flecting the electronic, topologic and steric environment of
an atom in a molecule.

6 Conclusions

The approach described in this report appears to be
a prominent method to find quantitative models for the
description of physical, thermodynamic, or biological prop-
erties. The novel MDs proposed here have shown to have
some interesting features, such as: 1) their functional defi-
nitions are based on novel algorithms and mathematical
formulae. These novel atom-based MDs are based on the
graph derivative for vertex pairs similar to the one defined
in discrete mathematics. The atom- and group-level ap-
proach as well as atom-type formalism will permit to expe-
dite the investigation of molecular mechanisms and ration-
al design of molecules at the local level. 2) These local indi-
ces together with global ones are now added as a new set
of MDs to the significant arsenal of whole-molecule indices.
Moreover, we also define strategies that generalize the defi-
nition of global or local invariants from atomic contribu-
tions (LOVIs). In respect to this, metric (norms), means and
statistical invariants are introduced. These invariants are ap-
plied to a vector whose components express the atomic in-
dices. 3) This approach stems from a new matrix represen-
tation of a G derived from the generalization of an inci-

dence matrix whose row entries correspond to connected
sub-graphs of a given G. 4) These MDs can be easily and
quickly calculated. That is, the calculation is simple and
straightforward, requiring only 2D information. The novel
indices are implemented in DIVATI, a new module of TOMO-
COMD-CARDD program to facilitate their computation. 6)
The novel indices show good predictive power in the mod-
eling of physicochemical properties. Furthermore, it was
clearly demonstrated that this set of descriptors produced
similar to better models than the other 2/3D TIs and geo-
metric indices previously used by different researchers. 7)
In addition, principal component analysis indicates that the
information carried by the GDIs is markedly different from
that codified in various 0–3D MDs presently in QSPR/QSAR
and drug design practice. The variation of the GDIs values
with alkyl-chain lengthening, branching, heteroatoms-con-
tent, and multiple bonds agrees with usual organic intu-
ition. The relation of atom-based derivative indices with 17O
NMR of a series of ethers and carbonyl chemicals reflects
that the new MDs encode electronic, topological and steric
information.

7 Future Perspective

Despite these positive features of atom-based derivative in-
dices, additional studies have to be performed to further in-
vestigate their meaning and behavior with respect to the

Table 21. Graph derivative index for Ca-atom of carbonyls and 17O RMN chemical shifts.

No Compound ED3(C1) [a] 17O RMN [b] Cal. (Equation 21)

1 CH3CHO 0.0 592.0 588.9
2 C2H5CHO 2.0 579.5 580.5
3 i�C3H7CHO 3.8 574.5 573.3
4 (CH3

)
2CO 5.6 569.0 565.8

5 CH3COC2H5 6.5 557.0 561.9
6 CH3CO�i�C3H7 9.1 557.0 551.6
7 (C2H5)2CO 7.9 547.0 556.5
8 C2H5CO�i�C3H7 10.8 543.5 544.4
9 (i�C3H7)CO 13.9 535.0 531.4

[a] Graph derivative index for Ca-atom of carbonyls using 3-order path-type subgraph. [b] Measures 17O RMN chemical shifts.[8b]

Table 22. Graph derivative index for O-atom of ethers and 17O RMN chemical shifts.

No Compound VD1(O) [a] 17O RMN [b] Calc. (Equation 22)

1 Dimetil �ter 4.84 �52.2 �53.12
2 Etil metal- 5.35 �22.5 �22.64
3 Isopropil metal- 5.86 �2 �1.56
4 t-Butil metil 6.37 8.5 9.36
5 Dietil 5.86 6.5 7.72
6 Isopropil etil 6.37 28 28.75
7 t-Butil etil 6.88 40.5 39.50
8 Diisopropil 6.88 52.5 50.84
9 t-Butil isopropyl- 7.40 62.5 62.59
10 Di-t-Butil- 7.91 76 76.37

[a] Graph derivative index for O-atom of ethers using 1-order path-type subgraph, [b] measures 17O RMN chemical shifts.[8b]
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structural features of the molecules. The applications of the
present method to QSPR/QSAR and drug-design studies as
well as in similarity/diversity analysis of several classes of
organic compounds are now in progress and will be sub-
ject of future publications.

In forthcoming articles, we will define derivative indices
using the relations frequency hyper-matrix (derivative for n-
tuples relations). We will also introduce new events derived
from other graph-theoretic and geometric concepts that
permit us to define other relations frequency matrices. In
addition, we intend to apply all the invariants that have
been extensively used in definition of indices reported in
the literature up to date to the frequency matrix and all
the matrices derived thereof. Other extensions of original
concepts will be aimed at the definition of indices based
on mixed and higher order-derivatives on a G.

Supplementary Data Available

The molecular descriptor values for the four data sets
(octane isomers, alcohols, phenetylamines and polychloro-
biphenyls) in excel file (SI1), the molecular descriptor values
for external validation for two data sets (phenetylamines
and polychlorobiphenyls)in excel file (SI2), and factor load-
ings from PCA (excel file, SI3) are available free of charge
via the Internet.
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