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Abstract: The present report introduces a set of aggregation operators (AQOs) to calculate total and local molecular de-
scriptors (MDs) as a generalized approach for the sum of the components of an atomic weight vector. These AOs are clas-
sified in four groups, i.e. Norms, Means, Statistic Invariants and “Classical Algorithms”. In order to evaluate the useful-
ness of the proposed MDs in correlation studies, QSAR models for the binding affinity to the corticosteroid-binding glob-
ulin of Cramer’s steroid dataset were built using the multiple lineal regression technique. The statistical parameters of the-
se models demonstrate that the indices obtained with AOs other than the summation yield better performance than those
obtained using the summation exclusively. Additionally, a comparison between the statistics for the best model obtained
using the AOs strategy and those reported in the literature reveals superior performance for the former, despite its simplic-
ity. Therefore, it can be concluded that the proposed generalization scheme constitutes a useful tool to be taken into ac-

count in different chemo-informatics tasks.

Keywords: Vertex degree, Atomic property, Invariant, Molecular descriptor, Aggregation operator, MD-LOVIs Software, Mul-

tiple linear regression, QSPR.

1. INTRODUCTION

Molecular descriptors (MDs) have been defined by
Todeschini and Consonni as, “the final result of a logical and
mathematical procedure which transforms chemical infor-
mation encoded within a symbolic representation of a mole-
cule into a useful number or result of some standardized ex-
periment”[1]. There are different classifications of MDs re-
ported in the literature although the most common is the one
based on their dimensionality according to which MDs are
stratified in 0D-3D, and most recently 4D-6D. Detailed dis-
cussions on the particularities of each class are beyond the
scope of this report, see references [1-4]. For example, the 0
DMDs codify chemical information from the simplest chemi-
cal structure representation, i.e. the chemical formula [1] and
these include examples such as: the atom number, molecular
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weight and relative atom-type counts. These MDs are also
known as constitutional descriptors and are defined as
functions of atomic characteristics/properties. A tool called
Mind-Prot can calculate drug and protein Markov Mean
Properties using atom properties such as Electronegativity
(EM), Kang-Jhon Polarizability, Van der Waals area and
Atom Contribution to P. Several QSAR models have been
published using these descriptors [5, 6]. Generally, these
descriptors are considered as linear combinations of atomic
or group characters, which may be atom(or group) types or
properties such as: atom numbers, bond type counts, cy-
clomatic numbers, atomic mass, atomic charge, Van der
Waals volume, Pauling electronegativity, etc., to yield global
molecular definitions.

The use of the linear combination (additive operator) in
the global definition of molecular structure tendencies from
their atomic contributions is a common practice in mathe-
matical chemistry. In fact many global definitions of mo-
lecular structures reported in the literature are applications of
the summation operator to contributions for atoms, function-
al groups or substructures for example: sum-like [7], recipro-
cal squared sum-like [8] and first Zagreb-like [9] indices.

©2016 Bentham Science Publishers
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X=[x1,X7,X3,X4,X5,Xg]

Fig. (1). Representation of the molecular structure of 2-
methylpentane molecule as vector of atomic properties.

However, interesting trends have recently been obtained
when other operators other than the summation have been
applied on vectors of atomic indices, for example better cor-
relations for determined bioactivities were yielded with
global MDs based on other aggregation operators other than
the summation exclusively [10-14]. The underlying reason-
ing for this approach is that the summation of atomic contri-
butions is an overly simplified characterization of the holistic
experience when the collective contribution of atoms is de-
sired. Similar positions are regular in data structure analysis.
For example, from a statistical perspective when one wishes
to study the asymmetric tendency of data matrices; the vari-
ance offers no useful information to this respect as it is par-
ticularly related to the central tendency of data points while
skewness and kurtosis are deeply instructive for such cases.
Also, when one wishes to compare variables of different
properties or ranges, the arithmetic mean may be misleading
because of the disparity of the ranges while the geometric
mean, “suppresses” this difference rendering them compara-
ble. Therefore it is not implausible to suggest that not all
global (molecular) chemical phenomena are ideally repre-
sented by the summation operator on atomic contributions.
This report aims at extrapolating the generalization schemes
proposed in the literature for the linear combination of atom-
based indices to simple atomic weight vectors, bearing in
mind their overly simplified structure, in order to assess the
earnest contribution of these generalization schemes.

2. THEORETICAL FRAMEWORK

Before discussing the theoretical framework of the gen-
eralization scheme to be presented in this report, let us give a
few definitions. A molecular graph (MG) is defined as a 2D
representation of a chemical compound in terms of the con-
stituting set of atoms (indicated by vertices) and their pair-
wise relations (represented by edges). Often, the vertices in a
molecular graph are weighted with determined atomic prop-
erties, such as the atomic mass, electronegativity, polarity,
Van der Waals radii, etc. to achieve greater discrimination of
chemical compounds and these types of graphs are denoted
as weighted molecular graphs [15].

An algebraic operator (AQ) is a function which assigns a
real number y to an n-dimensional vector of real numbers
(X1, X2, X3,...,Xn) [16]:

Martinez-Lépez et al.

y = AO(X1, X2, X3,...,Xn) 1)

The information codified in a weighted MG may be pro-
jected in an R" space, where R a set of real numbers and n is
the number of atoms in a molecule. If the molecular vector
W in the R" space is considered to start from the origin, then
the vector components represent given atom, atom-type or
group properties. Consequently, the AOs may be applied to
W to yield a set of total and local MDs. The AOs, as molecu-
lar structure characterizing parameters, have an important
property of being invariant, in that they yield the same result
irrespective of the arrangement (numbering) of the vector
components. In this manuscript the term invariant and AO
will be used interchangeably.

Let us take as an example the MG of 2-methylpentane.
Firstly, in accordance to the corollaries above, this MG may
be represented in the R® space by a six dimensional vector,
with components [x;, X2, X3, Xs, Xs, Xg] representing particular
atomic traits (see Fig. 1).

Therefore, if Pauling electronegativity (E) for each atom
is taken as property and is divided by vertex degree [i.e. W;
=E (Si)/5(S;)], the following vector of atomic weights is ob-
tained:

W=[E(C1)/3(C1) , E(CI5(C2), E(C3)/3(C3), E(CA)I3(C4),
E(Cs)/5(C5), E(Ce)/5(C6)]

W =[2.55/1, 2.55/1, 2.55/3, 2.55/2, 2.55/2, 2.55/1]
W =[2.55, 2.55, 0.85, 1.275, 1.275, 2.55]

2.1. Atomic Weight of the Molecular Structure from a
Molecule

A group of atomic weights (AWS) [17] are used to gener-
ate the n-dimensional vector of atomic weights. These AWs
are standard values or calculated from atoms of a molecule
and are classified in three groups:

The first group constitutes Chemical AWs such as Atom-
ic Number (Z), Atomic Mass (A), Van der Waals Volume
(VW), Covalent Radius (R), Polarizability (P) and Pauling
Electronegativity (E). The chemical properties are divided by
the bond vertex degree (8) of each vertex in the MG.

The second group is comprised of Physical AWs such as
Topological Surface Area (T), Ghose-Crippen A LogP (L),
Ghose-Crippen Molar Refractivity (M) and Charge(C), re-
spectively.

The third group of AWSs is comprised of Vertex Degrees
computed on MGs and includes the following:

The Valence Degree (N), defined by Kier and Hall [18],
is mathematically expressed as:

__@-hy
N = (Zi-2Y-1) @)

where, Z; is the total number of electrons of the i atom, (i.e.
atomic number), Z7 is the number of valence electrons
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(o electrons,  electrons and n lone pair electrons,) of the i
atom and h; is the number of hydrogen atoms bonded to it.

The Intrinsic State () is a modification of the Valence
Degree (N), also proposed by Kier and Hall and is defined as
[18]:

_ (2/Lj)?.Nj+1

I
i 5i

@)
where, L; is the principal quantum number, N; is the valence
vertex degree and §; is the simple vertex degree of the it
atom. The L; is used to account for the increase in the screen-
ing effect of the inner electrons, d; is the sum of elements of
the adjacency matrix of the MG [19].

The Electrotopological State (ES) or also called the E-
state for atom, a; is expressed as [20]:

where, |; is the intrinsic state of atom a; and Al;; is the per-
turbation of I;, which is in turn computed using the formula:
_Lig

Aly = -~ ®)
ij

where d;; the topological distance between atoms a; and a; of
the MG [19].

The Kupchik’s Vertex Degree (KU), proposed to take
into account the covalent radius of atoms in the MG, is ex-
pressed by equation 6 as [21]:

R

where, R. and R; are the covalent radius of the carbon atom
and the i™ atom of the molecule, respectively, and N; is the
valence vertex degree.

The Bond’s Vertex Degree (BD) accounts for connected-
ness as well as the bond multiplicity. It is calculated from the
atom connectivity matrix C as sum of row entries,

BDi = ]-A:1 Cij (7)

where, A is the number of graph vertices (atoms), C;; are el-
ements of C. The elements of this matrix are equal to one for
simple bonds, two for double bonds, three for triple bonds
(here, conjugated bonds are considered as double bonds) and
zero if there exists no bond.

The Hu-Xu’s Vertex Degree (HX), proposed by Hu-Xu et
al. [22], is expressed as:

HX; = 8;.VZ; (8)

where, d; is the sum of the elements of adjacency matrix of
MG and Z; the atomic number of the considered atom, a;.

The Li’s Vertex Degree (LI), proposed by Li et al. [23],
is defined as

z}Y.(z} -h;
Ll = (L—Z) C))

where, Z} is the number of valence electrons (o electrons, 1
electrons and n lone pair electrons) of the i atom, h' is the
number of hydrogen atoms bonded to it and L; is the princi-
pal quantum number.
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The Alikhanidi’s Vertex Degree (AIK) is proposed as a
modification of the Hu—Xu vertex degree and is expressed as
[24]:

Alk; = 0VZ; (10)

where, Z’,is a function of the atomic numbers Z; of the atoms
adjacent to the i™ atom (also known as consecutive AT num-
ber) and is defined as:

Z = [ZitaV(V2 + )] (11)
where a;; denotes the elements of the adjacency matrix.

The lvanciuc’s Vertex Degree (IN), proposed as a com-
bination of topological distances and vertex degrees in the
MG, is computed according to the following general expres-
sion [25]:

INi = ]-A=1 di]'a 61[3 a]Y (12)

where, dj; is the topological distance between vertices v; and
V;a=0,1,=0,1,-1,7=0, 1, -1; 0; and d 0, are the vertex
degrees for v; and v;, respectively.

The Distance Count (DC) indicates the frequencies {'f; ,
%, %, ..., Pf;} of distances equal to {1, 2, 3, ...D}, respec-
tively, from vertex v; to any other vertex of a MG; D is the
eccentricity (maximum distance from v;).

The Eccentric Connectivity (Y) is defined as the sum of
products between eccentricity D; and valence vertex degree
o;0f a MG and is expressed as:

Y, = Xy D; §; (13)

Note that the atom weights may be computed from an H-
suppressed or H-filled MG. Therefore, with the set of AWs
computed for a given molecular structure, the corresponding
atomic weights vector W is constructed and possesses the
following structure:

W= [Wl, Wz, W3, e .,Wn] (14)

where, W; is the weight for atom a; and n is the number of
atoms of MG.

2.2. Invariants Applied to Atomic Weight’s Vector

The Aggregation Operators (AO) as mathematical invari-
ants applied to the atomic weight vector, W, constitute a
generalization of the classical approach of computing the
global (or local) MDs by summation of vector components.
These AOs are classified into four main groups. The first
group is the Norms (or Metrics) which include: Minkow-
ski’s norms [i.e. N1 (equivalent to the summation), N2, N3]
and Penrose’s size (PN). The second group is the Mean In-
variants (first statistical moment) and comprises: Geomet-
ric Mean (G), Arithmetic Mean (M), Quadratic Mean (P2),
Power Mean (P3) and Harmonic Mean (A). The third group
is the Statistical Invariants (highest statistical moments)
which entails: Variance (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 (150), X max (MX) and X min
(MN). The fourth group is the “Classical algorithms” In-
variants which comprises: Autocorrelation (AC), Gravita-
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Fig. (2). Performance of NormsMeans and Statistics Invariants in modeling of the physicochemical property log 1/K for Cramer’s 31 steroid

molecules.

tional (GI), Total Information Content (TI), Mean Infor-
mation Content (MI), Standardized Information Content (Sl),
Total Sum (TS), Ivanciuc — Balaban (IB), Electrotopological
State (ES) and Kier-Hall Connectivity (CN). Note that most
of the AOs in this group can be generalized using the first
three groups, given that these algorithms in turn involve the
summation operator, see Table 1.

2.3. Local and Total Molecular Descriptors from Atomic
Weights Vector

Motivated by the understanding that the chemical, physi-
cochemical or biological activity of compounds does not
always depend on the molecular structure as a whole but also
on particular portions which may be functional groups, sub-
structures or fingerprints, the present approach is further
refined to permit the computation of total or local definitions
for a molecular structure. In this sense, all or a subset of vec-
tor components may be considered, to obtain the total or
local MDs, respectively. Ten local types (or groups) are ana-
lyzed in the present report, i.e., hydrogen bond acceptors
(HA), carbon atoms in aliphatic chains (LA), hydrogen bond
donors (HD), halogens (HL), terminal methyl groups (MC),
Carbon atoms (Cb), carbon atoms in aromatic systems (RA),
heteroatoms (O, N and S in all valence states, denoted as
HT), unsaturated bonds (IS) and group at lag k (GL).

3. QSPR MODELING OF THE CRAMER*S STEROIDS
WITH LTMD-W

Cramer’s Steroid dataset consists of 31 steroids analyzed
for the binding affinity to corticosteroid binding globulin
(CBG) [26]. This dataset has been used in several studies to
evaluate the performance of novel procedures or methodolo-

gies, proposed by several authors, and to compare them with
the existing ones in modeling tasks [26-31]. It can thus be
considered as a “benchmark” for comparing molecular struc-
ture characterizing strategies.

In this study, the Cramer’s Steroid dataset was used to
validate the local and total MDs obtained from the W and to
compare N1 invariant (sum of the W components) with the
other AOs, taking into account the prediction of the binding
affinity to CBG. All invariants were calculated with using an
“in house” software denominated MD-LOVIs (Acronym of
Molecular Descriptors from Local Vertex Invariants and
Related Maps) [32, 33].

The models were built with MobyDigs software [34]
using Multiple Linear Regression coupled with the GA
(MLR-GA) as the stochastic optimization tool and the fol-
lowing configurations: the statistical parameter g%, as the
optimization function, initial population size of 100 individ-
uals and the reproduction/mutation ratio of 0.5. The valida-
tion techniques bootstrapping (G°hee)) a@nd y-scrambling [a
(99)] were used to evaluate the models’ robustness and check
the possibility of fortuitous correlations of the obtained
QSPR models, respectively.

3.1. Internal Comparison of the Local and Total Molecu-
lar Descriptors

Firstly, a comparison of all the invariants on the basis of
their modeling capacity of the binding affinity to CBG of the
Cramer’s steroids was performed. For this study, all the 31
steroids are considered as training set (the 31 steroid previ-
ously reported as an outlier in the literature was not excluded
[35-37]). Fig. (2) shows the performance of the six-variable
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Table 1. Norms, Means and Statistical Invariants as Generalizations of the Linear Combination of LOVIs as Global (or Local) MDs
Operator, as well as Classical algorithms which generalize the first three groups.

No. Group? Name ID Formula®

Minkowsky norm (p = 1 n
1 ynorm (p=1) N1 N1= ¥ |Lg|
Manhattan norm a=1

Minkowsky norm (p = 2) n 2
2 N2 N2= |3 [La|
Euclidean norm a=1
Norms
Metrics "
3 ( ) Minkowsky norm (p = 3) N3 N3=4Y| La‘s
a=1
4 Penrosesize PN
n
5 Geometric Mean GM G=n Hll—a_
5 Arithmetic Mean M
(Power mean of degree = 1)
Mean (firststatisticalmoment) Quadratic Mean P2
! Lf + Lg ot Lg B
(Power mean of degree = 2) M . =
B n
8 Power mean of degree =3 P3

Harmonic Mean

(Power mean of degree f§ = -1)

2
Ly,—M
10 Variance \Y V= aél( a )
n-1
*
_ n*(Xy)
(n-1)(n—2)(DE)3
n
11 Skewness S X3: Y (Lg—M )3
a=1
M, arithmetic mean
DE, standard deviation
Statistical (higheststatisti- ke n(n+1) X4 -3 X2)( X2)(n -1
calmoments): (n—1)(n—2)(n—3)(DE)4
n .
12 Kurtosis K X:=73 (Lg- M)/
I a2
M, arithmetic mean
DE, standard deviation
13 Standard Deviation DE
DE =
14 VariationCoefficient cv cv=DE
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No. Group? Name ID Formula®
15 Range R R=Lmax —Lmin
Ql B |:E i E:|
16 Percentile 25 Q1 4 2
N, La number
Qz B |:ﬂ i l:|
17 Percentile 50 Q2 2 2
N, La number
. Q3 - [SN 3}
18 Percentile 75 Q3 2
N, La number
19 Inter-quartileRange 150 150=0Q3-Q1
20 Maximumvalue MX MX = La max
21 Minimumvalue MN MN = La min
n n
AC = L xL e(5(d; k)
22 Autocorrelation ACk - E'Jgf ! '
k=127
122 Le6(d,k)
23 Gravitational Glk ns i-
k=12,.7
TS, = L, *4(d; k)
24 Total sum at lag k TSk ¥ g‘% ! !
k=12,...,7
A
"KH, = Z(H
i=1 =l
25 Kier-Hall connectivity CNm . .
where, K is the number of sub-graphs, nk is the number of
atoms in a fragment, X is equal to 4, m and t are the sub-
graph order and type, respectively
Classical AN N
MI =—2N—9‘IogzN—g
26 Mean Information Content Ml e °
where, Ng is the number of atoms with the same LOVI
value. No is the number of atoms in a molecule
G
27 Total Information Content Tl TI=Ngy-log, Ny - g§1N9 ‘log,Ng
IT
28 sl ~ N, log, N,
StandardizedInformation Content 07109, Ny
S, =1, +Al =1, 2 !
=L +Al =1+
1 (d; +1)2
29 Electrotopological state (E-state ES where, li is the intrinsic state of the ith atom and Ali is the
index) field effect on the ith atom calculated as perturbation of the
li of ith atom by all other atoms in the molecule, dij is the
topological distance between the ith and the jth atoms, and
n is the number of atoms. The exponent K is 2.
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Table 1. contd...

No. Group? Name ID Formula®
n.B &y -
J = a|LxL |2
k n+C+1i§‘j§i+‘1 ”[ ' J
. . where, the summation goes over all pairs of atoms but only
30 Ivanciuc-Balaban Type-Indices 1B

pairs of adjacent atoms are accounted for by means of the
elements aij of the adjacency matrix. The n, B, and C are

the number of atoms, bonds, and rings (cyclomatic num-

ber), respectively.

*The second group (invariants 5-9) could be re-named as “location statistics” if percentiles and maximum (minimum) are taken into consideration in this group. In this case, the third
group (invariants 10-21) could be re-named as “spread and shape statistics”, "LOVIs for “a” atoms in molecule.

100
95
90
85

80
75
70
65
60
55
50
45
40
35
30
25
20
15
10
5
0 -~
3

%

TLC>Wex NON XM > %) ™ N
22002532228 280383%43939
78887 E<<E <<

Autocorrelation Inv ariant

AcNI1 — N1 applied to Autocorrelation
AcN2 — N2 applied to Autocorrelation
AcN3 — N3 applied to Autocorrelation
AcA— A applied to Autocorrelation
AcG- G applied to Autocorrelation
AcCV-CV applied to Autocorrelation
AcDE- DE applied to Autocorrelation
AcK- K applied to Autocorrelation
AcM- M applied to Autocorrelation
AcP2- P2 applied to Autocorrelation
AcP3- P3 applied to Autocorrelation
AcQl- Q1 applied to Autocorrelation
AcQ2- Q2 applied to Autocorrelation
AcQ3- Q3 applied to Autocorrelation
AcI50- 150 applied to Autocorrelation
AcMN- MN applied to Autocorrelation
AcMX- MX applied to Autocorrelation
AcS- S applied to Autocorrelation

=9 AcR-R applied to Autocorrelation

Fig. (3). Performance of norms, mean and statistical invariants applied to the Autocorrelations algorithmin modeling of the physicochemical

property log 1/K for Cramer’s 31 steroid molecules.

QSAR models, in terms of the cross-validation parameter
0100, built with the different AOs.

As can be observed, many mathematical invariants ex-
hibited better performance than N1, for example, Autocorre-
lation (AC), Ivanciuc-Balaban Type-Indices (IB), Total Sum
at lag k (TS), Electro-topological State (ES), Kier-Hall Con-
nectivity (CN), Total Information Content (TI), Standardized
Information Content (SI), Mean Information Content (MI)
and Gravitational (GI). Moreover, the following observations
were made for each group of AOs: for the norms, the sum of
parts (N1) had the best performance while the Quadratic
Mean (P2) had the best performance in the means. As for the
statistical invariants and “classical algorithms”, the best op-
erators were Skewness (S) and Gravitational (GI) AOs, re-
spectively. Generally, the “classical algorithms” invariants
had better performance than the norms, means and statistical
AOs. The best overall AO was the Gravitational (GI), with

%00 = 0.963. For more information see Support Information
(SI3).

Additionally, bearing in mind that the “classical algo-
rithms” are in turn generalizable with the first three groups
of invariants (i.e. norms, means and statistical invariants), it
is of interest to evaluate the performance of these AOs within
the “classical algorithms”. For this study, the Autocorrelation
(AC) “classical algorithm” was selected and a comparison of
the statistical parameters for the QSAR models obtained with
the summation operator-based MDs (equivalent to the origi-
nal AC definition [38]) with models for the rest of the norms,
means and statistical invariants was performed. The follow-
ing results were obtained (see Fig. 3): the Range (R), Geo-
metric Mean (G), Percentile 50(150) and Minkowski norm
(N3) had the best performance, with Q%= 0.942,
0%100=0.910, q°100=0.916, 0%0,=0.912, respectively, superior
to the summation operator’s (ACN1) ?0,=0.89.
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Table 2. Statistical parameters for the best models for 1-6 variables for the physicochemical property log 1/K, considering the

31compounds of steroids.

Molecules with Hydrogen Filled (WH)

Size | r? Q%o | 92000t | a(g? | SDEC Models Eq.
Log 1/K =
1 0.766 | 0.733 0.74 | -0.171 0.515 a7
-5.1735(+0.15673) -0.00013(+0.00001) AC(R)_IN_IS

2 | 0876 | 0.853 | 0.851 | -0.212 | 0.374 | Log /K = -4.61042(x0.19336) -0.02738(+0.00237) R_IN_IS + 0.76142(+0.08656)TS(S)_A_IS | (18)
Log 1/K = -4.69857(+0.14677) -0.02185(+0.00214)R_IN_IS + 0.76806(0.06519)TS(S)_A_IS -

3 | 0932 | 0911 | 0908 | -0.279 | 0.276 0.0578(0.01221)ES(R)_DC_HT (19)
Logl/ K = -3.96824(+0.19328) -0.01526(+0.00331)AC(K)_C_T - 0.02133(£0.00162)R_IN_IS +

4 | 0962 0952 | 0949 | -0.288 | 0.205 0.75706(+0.04932)TS(S)_A_IS -0.06245(+0.00928)ES(R)_DC_HT (20)
Log 1/K = -4.09192(0.1916) -0.01319(x0.00327) AC(K)_C_T -0.02147(+0.00152)R_IN_IS +

5 | 0968 | 0.958 | 0.952 | -0.404 | 0.189 0.71758(£0.05021) TS(S)_A_IS -0.06751(+0.00908)ES(R)_DC_HT + 1)

0.04124(+0.01989)ES(V)_KU_HA
Log 1/K = -4.15233(+0.18077) -0.01272(+0.00306) AC (K)_C_ T +
6 | 0973 | 0.964 | 0.954 | -0514 | 0.173 |0.04838(x0.02218)GI(A)_DC_ IS -0.02188(+0.00143)R_IN_IS + 0.65969(+0.05381) TS (S)_A_ | (22)

IS -0.06211(+0.00882)ES (R)_DC_HT + 0.05098(£0.01907)ES (V)_KU_ HA

Molecules with Hydrogen Suppressed (RH)

Size| r? %o | 9200 | a(q®) | SDEC Models* Eq.
1 | 0690 | 0.653 | 0.653 | -0.159 | 0.593 Log 1/K = -4.55546(0.25264) +0.24844(+0.03089) TS (N1)_L_IS (23)
=-6. +0. -0. £0. +0. 0.
2 | osoo | oss | 0s7e | -0236 | 0338 Log 1/K = -6.96634(+0.23444)-0.00031(:0.00002) AC(R)_IN_IS + 0.11241(:00141) TS |
(V)_KU_LA

Log 1/K = -6.61638(£0.22111) -0.0003(£0.00002) AC(R)_IN_IS + 17.32924 (+4.79888) Gl

8 | 0930 0915 | 0912 | 0202 | 028 (P3)_C_IS +0.11566(+0.01223) TS (V)_KU_T (25)
Logl/ K = -6.93139 (+0.1733)-0.00032 (+0.00001) AC(R)_IN_IS + 0.09997 (+0.02135) TS

4 | 09531 0938 | 0.933 | 035 | 0229 (G)_L_HD +0.12913(x0.01174) TS (V)_KU_T -0.00144 (0.0004) TS (V)_IN_HT (26)
Log 1/K = -4.01577(+0.10933) + 0.23161(+0.02385) K_HX_HT + 0.19661(+0.03017) AC

5 | 0972 | 0.961 | 0.956 | -0.38 | 0.177 (CV)_IN_IS -0.0001(+0.00001) AC (150)_IN_LA -0.01277(x0.00107) R_IN_IS + @7)

0.35946(+0.05223) TS (S)_Alk_IS

6 | 0977 | 0.968 | 0.958 | -0.468 | 0.161

Log 1/K = -4.846(+0.1302) + 0.23243(+0.02523) K_ HX_ HA + 0.00003 (0.00001)
AC_NE(MN)_IN_IS -0.00009(+0.00002)GI (Q2)_IN_LA-0.12313 (+0.01487) DE_IN _IS | (28)
+0.39984(+0.04408)TS (S)_Alk_ IS + 0.31411 (£0.0412) TS (S)_KU_T

In a general sense, this internal comparison showed that
the global and local molecular descriptors from norms,
mean, statistic and “classical algorithms” invariants, were
better predictors of the Logl/k (CGB) property than just the
sum of its parts (N1).

An important finding from this evaluation is the fact that
AOs permit obtaining MDs with varied performance in re-
gression models, and thus combinations of these should yield
greater performance.

3.2. LTMD-W Models vs. Other Approaches Reported in
the Literature

In this section we wish to compare the performance of
the LTMD-W approach as a whole with other approaches

reported in the literature in the modeling of the Log 1/k
(CGB) of Cramer‘s steroids database. Table 2 shows the best
regression models for LTMD-W using Multiple Linear Re-
gression coupled with the GA (MLR-GA) method, for 1-6
variable models.

Generally, the obtained models (Equation 23-28) are ro-
bust and, are not influenced by the chance correlation phe-
nomenon, evidenced by the favorable cross validation (q%loo
and g°boot) and y-randomization [a (q°)] parameters, respec-
tively.

In the comparison with other approaches reported in the
literature (see Table 3), it is observed that the LTMD-W
models yield better performance than the best model report-
ed in the literature, based on the Combined Electrostatic and
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Table 3. Comparison of g%loo values for models obtained with LTMD-W and other QSAR methods for 31 compounds of Cramer’s
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steroids.

Method PCs/Var. Statistical Method Q%10 Eq./Ref.
LTMD-W(H-suppressed) 6 GAand MLR 0.968 Eq. 28
LTMD-W(H-filled) 6 GAand MLR 0.964 Eq. 22
LTMD-W(H-suppressed) 5 GAand MLR 0.961 Eq. 27
LTMD-W(H-filled) 5 GAand MLR 0.958 Eq. 21
LTMD-W(H-filled) 4 GAand MLR 0.952 Eqg. 20
Combined electrostatic and shape similarity matrix (CESSM) 6 Genetic NN 0.941 [39, 40]
LTMD-W(H-suppressed) 4 GAand MLR 0.938 Eq. 26
LTMD-W(H-suppressed) 3 GAand MLR 0.915 Eq. 25
LTMD-W(H-filled) 3 GAand MLR 0.911 Eq. 19
Hodking SM 6 genetic NN 0.903 [40]
Fragment QS-SM 4 PLS 0.886 [41]
MEDV-13 5 GA-RLM 0.882 [42]
MiDSASA - “template” 2“compounds” 0.88 [43]
LTMD-W(H-suppressed) 2 GAand MLR 0.881 Eq. 24
LTMD-W(H-filled) 2 GAand MLR 0.853 Eq. 18
TQSI 5 MLR 0.848 [27]
Tuned-QSAR 6 MLR after PCA 0.842 [28]
CoMMA 3 PLS 0.828 [29]
SOMFA/esp + ALPHA - SOR 0.82 [30]
CESSM 6 GAand RLM 0.819 [40]
EEVA 4 PLS 0.81 [30]
Charges and Properties from MEPS-AM1 5 RLM 0.80 [31]
CoSA 3 “Bins” PLS 0.78 [44]
TQsI 4 MLR 0.775 [41]
EVA 5 PLS 0.77 [30]
CoMSA 1 PLS 0.76 [45]
MQSM 5 MLR after PLS 0.759 [41]
EVA + ALPHA - SOR 0.75 [30]
GRIND PLS 0.75 [46]
SEAL 3 PLS 0.748 [47]
SOMFA/esp 6 PLS 0.74 [30]
CoSCoSA 3 0.74 [48]
Similarity Indices (ESP MC matrix) 1 PLS 0.734 [49]
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Method PCs/Var. Statistical Method Q10 Eq./Ref.

LTMD-W(H-filled) 1 GAand MLR 0.733 Eq. 17
CoSASA 3 “atoms” PLS 0.73 [44]
MQSM 4 MLR after PLS 0.727 [28]
E-State and kappa shape index 4 MLR 0.72 [50]
TARIS 2 0.71 [51]
MQMS 3 MLR and PCA 0.705 [41]
CESSM 5 PLS 0.70 [40]
SAMFA-RF RF 0.69 [52]
SAMFA-PLS 4-5 PLS 0.69 [52]
4D-QSAR 2 PLS 0.69 [53]
CoMMA (ab initio) 6 PLS 0.689 [54]
SOM-4D-QSAR 4 SOM Neural Network 0.68 [53]
LTMD-W(H-suppressed) 1 GAand MLR 0.653 Eq. 23
MEDV-13 4 GAand RLM 0.648 [27]
Wagener’s (AMSP Method) k-NN and FNN 0.630 [55]
SAMFA-SVM SVM 0.60 [52]
ALPHA 2 PLS 0.57 [30]_ENREF_9
SOMFA MLR R?0.577 [56]

®When it is applicable, specifies the number of components (PCs) or variables, “steric field, ‘electrostatic field.

Shape Similarity Matrix (CESSM) method, even with a
much lower degree of freedom [i.e. g0, (LTMD-W) = 0.952,
0Ploo (LTMD-W)= 0.958, g%, (LTMD-W)= 0.964 for 4, 5,
and 6 variables, respectively, compared to g%4,(CESSM) =
0.941 obtained with 6 variables]. The CESSM method em-
ploys Neural Networks as the fitting method, which is
known to yield better optimized models compared with other
traditional regression procedures such as Multiple Linear
Regression, Principal Component Regression or Multiple
Logistic Regression. Nonetheless, better statistical parame-
ters are obtained with the LTMD-W approach using a much
simpler technique, demonstrating the theoretical robust of
the proposed strategy, notwithstanding its simplicity.

In addition, the 2 variable LTMD-W models computed on
H-filled and H-suppressed MGs, respectively, yielded supe-
rior performance (g0, = 0.881 and g%, = 0.853, respective-
ly) than many other methods, whose models were construct-
ed with a higher degree of freedom, for examele TQSI (G0
= 0.848), COMMA (g%, =0.828), SOMFA (g% = 0.74) are
evidently inferior to the 2 variable LTMD-W model.

The good performance of the LTMD-W strategy in
QSAR modeling supports the hypothesis that global defini-
tions of chemical behavior from atomic characteristics may

after all not imply their linear combinations and therefore

other relations should also be considered. Additionally, the
LTMD-W strategy Offers a remarkable advantage over most
3D techniques due to its inherent simplicity, in that proce-
dures such as molecular alignment and structural optimiza-
tion, as well as the limitation of their inapplicability to struc-
turally diverse datasets are avoided.

CONCLUSION

In this article, a set of AOs was introduced as generaliza-
tion of sum of the components of the atomic weight vector,
W. These AOs are used as invariants and are classified in
Norms, Means, Statistical invariants and “classical algo-
rithms”. The QSPR studies demonstrate that better predictors
of the Logl/k (CGB) property may be obtained with other
AOs other than the summation operator (N1 in our scheme).
Additionally, it is demonstrated that the LTMD-W approach
yields models with superior statistical parameters than other
approaches reported in the literature, despite its simplicity.
Altogether, it may be suggested that the LTMD-W method
codifies relevant chemical information and thus constitutes
an important tool that should be taken into consideration in
chemo informatics tasks such as: diversity analysis of mo-
lecular structural datasets, QSPR/QSAR modeling and the

high-throughput screening of chemical compound libraries.
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Finally, it is important to note that the proposed generaliza-
tion scheme may be applied to any family of MDs defined at
the atomic level.
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