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Abstract
In this report, we introduce a set of aggregation operators (AOs) to calculate global and local (group and atom type) molecular 
descriptors (MDs) as a generalization of the classical approach of molecular encoding using the sum of the atomic (or frag-
ment) contributions. These AOs are implemented in a new and free software denominated MD-LOVIs (http://tomoc​omd.
com/md-lovis​), which allows for the calculation of MDs from atomic weights vector and LOVIs (local vertex invariants). 
This software was developed in Java programming language and employed the Chemical Development Kit (CDK) library 
for handling chemical structures and the calculation of atomic weights. An analysis of the complexities of the algorithms 
presented herein demonstrates that these aspects were efficiently implemented. The calculation speed experiments show that 
the MD-LOVIs software has satisfactory behavior when compared to software such as Padel, CDKDescriptor, DRAGON 
and Bluecal software. Shannon’s entropy (SE)-based variability studies demonstrate that MD-LOVIs yields indices with 
greater information content when compared to those of popular academic and commercial software. A principal component 
analysis reveals that our approach captures chemical information orthogonal to that codified by the DRAGON, Padel and 
Mold2 software, as a result of the several generalizations in MD-LOVIs not used in other programs. Lastly, three QSARs 
were built using multiple linear regression with genetic algorithms, and the statistical parameters of these models demon-
strate that the MD-LOVIs indices obtained with AOs yield better performance than those obtained when the summation 
operator is used exclusively. Moreover, it is also revealed that the MD-LOVIs indices yield models with comparable to 
superior performance when compared to other QSAR methodologies reported in the literature, despite their simplicity. The 
studies performed herein collectively demonstrated that MD-LOVIs software generates indices as simple as possible, but 
not simpler and that use of AOs enhances the diversity of the chemical information codified, which consequently improves 
the performance of traditional MDs.
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Everything Should Be Made as Simple as Possible, 
But Not Simpler.

Albert Einstein, 1933.

Introduction

Molecular descriptors (MDs) are defined as “the final result 
of a logical and mathematical procedure which transforms 
chemical information encoded within a symbolic represen-
tation of a molecule into a useful number or result of some 
standardized experiment” [1]. The MDs allow the assign-
ment of numbers to molecular structures based on their 
intrinsic properties [1, 2], and these may be obtained follow-
ing different strategies, for example: (i) counting particular 
atom types or structural fragments (0D or 1D descriptors), 
(ii) applying mathematical algorithms to molecular graphs 
(the so-called topological or 2D MDs), (iii) from geometri-
cal representations of molecular structures, that is, geometri-
cal or 3D MDs, among others [1]. These MDs have been 
implemented in different software, such as DRAGON [3], 
CODESSA [4], Padel [5], QuBILS-MIDAS [6], QuBILS-
MAS [7], Mold2 [8], CDKDescriptor Calculator [9] and 
ChemDes [10].

On the other hand, traditionally most indices use the 
sum of their parts (e.g., atom- or bond-based labels) as 
the mathematical formalism to obtain global descriptions 
of molecules, for instance, the first Zagreb index Zg1(G) 

in Eq. 1 is defined as the sum of squares of the vertex 
degrees, δi and δj, of vertices u and v in a molecular graph 
(G) [11],

where b refers to the bond i–j and the sum is over all bonds 
B of the molecule. The Randic index R(G) is also based on 
the vertex degrees and is defined as the sum all bonds in the 
molecule (Eq. 2), where δi and δj are the vertex degrees of 
the atoms incident to the considered bond b [12]:

Moreover, the Moreau–Broto autocorrelation (autocorre-
lation of a topological structure, ATS) [13] for a G is defined 
as (Eq. 3):

where w is any atomic property, A is the atom num-
ber, d is the considered topological distance (i.e., the 
lag in autocorrelation terms) and �ij is Kronecker delta 
( �ij = 1 if �ij = d, zero otherwise ). mB is the mth-order 
binary sparse matrix, and w the A-dimensional vector of 
atomic properties.
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Also, the gravitational index (Eq. 4) characterizes the 
mass distribution in a molecule, where mi and mj are the 
atomic masses of the considered atoms, rij the correspond-
ing interatomic distances, and A the number of atoms of the 
molecule [14]:

Likewise, the total sum operator (TS), i.e., the sum of all 
the elements in a matrix representation of a molecule, is also 
used to calculate many indices (Eq. 5):

Additionally, the Kier–Hall connectivity indices (Eq. 6), 
where k denotes the mth-order subgraph comprised of n 
atoms (n = m + 1 for acyclic subgraphs), K is the total num-
ber of mth-order subgraphs present in the G and �i is the 
vertex degrees [15]:

It is recognized that many observables such as the bond 
lengths or molecular van der Waals volumes are not equiva-
lent to the sum of the corresponding atomic radii, or atomic 
van der Waals volumes, as these often require corrections 
[16]. From an algorithmic perspective, it is acknowledged 
that there is no universally superior algorithm for all opti-
mization problems, evocative of the “no free lunch” theo-
rem, which postulates that a method unsuitable for particular 
application may perform ideally in another [17]. Extrapo-
lated to the definition of molecular descriptors, it may be 
postulated that an aggregation operator that yields descrip-
tors with poor correlation for a given endpoint may suitably 
correlate with another.

Indeed, better correlations for determined bioactivities 
resulted with global MDs based on other aggregation oper-
ators (AOs) than their summation, further corroborating 
the notion that it is an overly simplified characterization of 
the collective contribution of atoms [18–20]. Similar prin-
ciples are regularly followed in workflows for data struc-
ture analysis. For example, from a statistical perspective 
when one wishes to study the asymmetric tendency of data 
matrices, the variance offers no useful information as it is 
particularly related to the central tendency of data points, 
while skewness and kurtosis are deeply instructive for such 
cases [21]. Also, when one wishes to compare variables 
of different properties or ranges, the arithmetic mean may 
be misleading due to the disparity in the ranges, while the 

(4)G1 =

A
∑

i=1

A
∑

j=i+1

mi ⋅ mj

r2
ij

(5)TS(M) ≡

n
∑

i=1

p
∑

j=1

mij

(6)m�q=

K
∑

k=1

(

n
∏

i=1

�i

)−1∕2

k

geometric mean “suppresses” this difference making them 
comparable [22]. Therefore, it is conceivable to suggest 
that not all global (molecular) chemical phenomena are 
ideally represented by the summation operator on atomic 
contributions.

In mathematics, AOs [23, 24] are algebraic functions, 
which assign a real number y to an n-dimensional vector 
of real numbers. These AOs are based on linear and/or 
additive measures.

AOs has been successfully used in diverse applications, 
such as face recognition [25], data mining [26], decision-
making [27] and molecular structures encoding, which is 
an essential phase in cheminformatics tasks such as diver-
sity analysis [28] molecular similarity searching [29] and 
quantitative structure–activity relationship (QSAR) studies 
[30].

The classical invariants that are traditionally used to 
obtain indices such as autocorrelation, Kier–Hall and 
gravitational indices use graph-theoretical labels as 
weights, for example the vertex degrees or some basic 
atomic properties. One way to extend these indices is to 
incorporate other atomic weights as labels. In this study, 
three groups of several atom-based properties are pro-
posed, which expand on the few atomic properties or 
vertex degrees that have been traditionally used. Finally, 
with some exceptions, such as the electrotopological state 
indices, algebraic forms [31] and GT-STAF descriptors 
[18], it is common to calculate only global (total) indices 
for the whole molecule. However, it is known that some 
molecular properties (e.g., basicity, nucleophilic addition, 
polarity) are influenced by chemical fragments instead of 
being influenced by the whole molecular body. Therefore, 
in the present report we also propose indices that encode 
information on fragment types in molecular structures 
(i.e., local indices).

This report aims to propose a generalized scheme to 
obtain different MDs applying AOs to simple atomic 
weights vectors. Moreover, in order to guarantee the acces-
sibility and usability of these MDs, we provide a free com-
putational program for calculating these MDs, denomi-
nated MD-LOVIs (acronym for Molecular Descriptors 
from LOcal Vertex Invariants and Related Maps) soft-
ware, http://tomoc​omd.com/md-lovis​. To assess the utility 
of these MDs in cheminformatics tasks, we compare the 
performance of the MD-LOVIs descriptors with those of 
other software reported in the literature using several tech-
niques, such as variability analysis, principal component 
analysis, as well as QSAR modeling. Finally, to facilitate 
the use of the MD-LOVIs software we are providing pre-
defined sets of descriptors (in form of descriptor projects) 
containing lists of descriptors identified as most optimal 
based on the analyses performed herein.

http://tomocomd.com/md-lovis
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Theoretical outline

A molecular graph G(V, E) is defined as a 2D representa-
tion of a chemical structure comprising a set V of vertices 
(atoms) and the corresponding set E of edges, which rep-
resent the chemical bonds. Often, the vertices in a G are 
weighted with determined atomic labels, such as the elec-
tronegativity and Van der Waals radii to achieve greater dis-
crimination of organic compounds, and these types of Gs are 
denoted as weighted Gs [32].

The ordered weighted averaging (OWA) are example of 
AOs [33], which in different types of distance measures has 
been studied by many authors. Merigó and Gil-Lafuente [33] 
proposed the OWA distance (OWAD) operator with the aim 
of introducing a parameterized family of distance operators 
between the minimum and the maximum distance. Xu also 
studied the use of fuzzy information [34], and other authors 
studied the use of Choquet integrals [35, 36]. Merigó [37] 
proposed the GOWAWA operator, while García-Jacas [19] 
applied this operator in QSAR studies, which is based on 
the fusion of the generalized ordered weighted averaging 
(GOWA) and the weighted generalized mean (WGM) func-
tions in the same formulation for codifying the chemical 
information of molecules. The models built with variables 
derived from the GOWAWA operators were shown to pos-
sess greater predictive power relative to those built with 
the sum operator exclusively. Their main advantage is that 
they can integrate the OWA operator and the WA consider-
ing the degree of importance that each concept has in the 
aggregation.

The information codified in a weighted G may be pro-
jected in a ℝn space, where ℝ is a set of real numbers and n 
is the number of atoms in a molecule. If the molecular vec-
tor W⃗ in the ℝn space is considered to start from the origin, 

then the vector components represent given atom, atom type 
or group atomic weights. Consequently, the AOs may be 
applied to ���⃗W yielding a set of total and local MDs. The 
AOs, as molecular structure characterizing parameters have 
an important property of being invariant; thus, they yield 
the same result irrespective of the numbering of the vector 
components. In this manuscript, the term invariant and AO 
will be used interchangeably.

Let us take as an example the G of 2-methylbutanal. 
Firstly, this G may be represented in the ℝ6 space by a six-
dimensional vector, with components [xC1, xC2, xC3, xC4, xC5, 
xO6] representing particular atomic properties (see Fig. 1).

When Pauling’s electronegativity (E) for each atom is 
taken as atomic weight and is divided by vertex degree [i.e., 
Wi = E (Si)/�

(

Si
)

 ], the following vector of atomic labels is 
obtained (see Fig. 1c),

W⃗ = [E(C1)/ �(�1) , E(C2)/ �(�2) , E(C3)/ �(�3) , E(C4)/ 
�(�4) , E(C5)/ �(�5) , E(O6)/ �(�6)] = [2.55/1, 2.55/2, 2.55/3, 
2.55/1, 2.55/3, 3.5/2] = [2.55, 1.275, 0.85, 2.55, 0.85, 1.75].

Atomic weights (AW)

A group of atomic weights (AWs) [1] are used to generate 
the n-dimensional vector of atomic properties. These AWs 
are standard values or they are calculated from atoms of a 
molecule and are classified in three main groups.

The first group constitutes Chemical AWs, such as 
atomic number (Z), atomic mass (A), Van der Waals volume 
(VW), covalent radius (R), polarizability (P) and Pauling 
electronegativity (E). These Chemical AWs, in the formal-
ism presented herein, will always be divided by the bond 
vertex degree (δ) of each vertex in the G.

The second group is comprised of Physicochemical AWs, 
such as topological surface area (T) [38], Ghose–Crippen 

Fig. 1   a 2-Methylbutanal molecule, b H-suppressed molecular graph of 2-methylbutanal, G, c representation of the space of LOVIs of G 



Molecular Diversity	

1 3

ALogP (L) and molar refractivity (M) [39], as well as the 
atomic charge (C) [40].

The third group of AWs is comprised of vertex degrees 
computed on G and includes the following:

The valence degree (N), defined by Kier and Hall [41], is 
mathematically expressed as (Eq. 7):

where Zi is the total number of electrons of the ith atom (i.e., 
atomic number), Zv

i
 is the number of valence electrons ( � 

electrons, � electrons and n lone pair electrons,) of the ith 
atom and hi is the number of hydrogen atoms bonded to it. 
The intrinsic state (I) is a modification of the valence degree 
(N), also proposed by Kier and Hall, is defined as (Eq. 8):

where Li is the principal quantum number, Ni is the valence 
vertex degree and �i is the simple vertex degree of the ith 
atom. The Li is used to account for the increase in the screen-
ing effect of the inner electrons, and δi is the sum of elements 
in the adjacency matrix of G [41]:

The electrotopological state (ES) or also called the E-state 
for atom ai is expressed as [42]:

where Ii is the intrinsic state of atom ai and ΔIij is the pertur-
bation of Ii, which is in turn computed using Eq. 10, where 
dij is the topological distance between atoms ai and a j of 
the G [43].

The Kupchik’s vertex degree (KU) is proposed to take 
into account the covalent radius of atoms in the G (Eq. 11), 
where Rc and Ri are the covalent radius of the carbon atom 
and the ith atom of the molecule, respectively, and Ni is the 
valence vertex degree [44]:

The Bond’s vertex degree (BD) accounts for bonding as 
well as the bond multiplicity (Eq. 12). It is calculated from 
the atom connectivity matrix C as sum of row entries, where 
A is the number of graph vertices (atoms) and Cij are ele-
ments of C. The elements of this matrix are equal to one for 

(7)Ni =

(

Zv
i
− hi

)

(

Zi − Zv
i
− 1

)

(8)Ii =

(

2∕Li
)2
.Ni + 1

�i

(9)ESi = Ii +

A
∑

j=1

ΔIij

(10)ΔIij =
Ii − Ij

d2
ij

(11)KUi =
Rc

Ri

.Ni

simple bonds, two for double bonds, three for triple bonds 
(here, conjugated bonds are considered as double bonds) and 
zero no bonded atoms:

The Hu–Xu’s vertex degree (HX), proposed by Hu–Xu 
et al. [45] (Eq. 13), is expressed as the sum of the elements 
(δi) of the adjacency matrix of G and Zi the atomic number 
of the considered atom, ai:

The Li’s vertex degree (LI) [46] is defined as (Eq. 14):

where Zv
i
 is the number of valence electrons (σ electrons, π 

electrons and n lone pair electrons) of the ith atom, hi is the 
number of hydrogen atoms bonded to it and Li is the princi-
pal quantum number.

The Alikhanidi’s vertex degree (Alk) is proposed as a 
modification of the Hu–Xu vertex degree and is expressed 
as [47] (Eq. 15):

where Z′
i
 is a function of the atomic numbers Zj of the atoms 

adjacent to the ith atom (also known as consecutive AT num-
ber) and is defined as (Eq. 16):

where aij denotes the elements of the adjacency matrix.
The Ivanciuc’s vertex degree (IN), proposed as a com-

bination of topological distances and vertex degrees in G, 
is computed according to the following general expression 
[48] (Eq. 17):

where dij is the topological distance between vertices vi and 
vj; α = 0, 1; β = 0, 1, − 1; γ = 0, 1, − 1; and �i and �j are the 
vertex degrees for vi and vj, respectively.

The distance count (DC) indicates the frequencies {1fi, 2fi, 
3fi,…, Dfi} of distances equal to {1, 2, 3,…D}, respectively, 
from vertex vi to any other vertex of a G; D is the eccentric-
ity (maximum distance from vi). The eccentric connectivity 
(Y) is defined as the sum of products between eccentricity 

(12)BDi =

A
∑

j=1

Cij

(13)HXi = �i.
√

Zi

(14)LIi =
Zv
i
.
(

Zv
i
− hi

)

L2
i

(15)Alki = �i
√
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i

(16)Z�
i
=

�

A
�
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aij
√

�
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2 + Zj
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(17)INi =
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Di and valence vertex degree δi of a G and is expressed as 
(Eq. 18):

Note that the AWs may be computed from an H-sup-
pressed or H-filled G. Therefore, with the set of AWs com-
puted for a given molecular structure, the corresponding 
atomic weights vector, ���⃗W , is constructed and possesses the 
following structure:

where wi is the weight for atom ai and n is the number of 
atoms of G.

New generalized indices: aggregation operators 
applied to atomic weights vector

The AOs [33] are applied to the atomic weights vector,W⃗ , 
providing a generalized scheme of the classical approach of 
computing the global (or local) MDs by summation of the 
vector components. These AOs are classified in four main 
groups. The first group is the Norms (or Metrics) AOs, 
which include: Minkowski’s norms [i.e., N1 (equivalent to 
the summation), N2, N3]. The second group is the Means 
AOs (first statistical moment) and comprises: geometric 
mean (G), arithmetic mean (M), quadratic mean (P2), power 
mean (P3) and harmonic mean (A). Finally, the third group 
is the Statistical operators (highest statistical moments), 
which includes: variance (V), skewness (S), kurtosis (K), 
standard deviation (SD), variation coefficient (VC), range 
(R), percentile 25 (Q1), percentile 50 (Q2), percentile 75 
(Q3), inter-quartile range (I50), X max (MX) and X min 
(MN).

The fourth group is the “Classical Algorithms” invari-
ants, which comprises autocorrelation (AC), gravitational 
(GI), total information content (TI), mean information con-
tent (MI), standardized information content (SI), 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 by using the first three 
AOs groups (denoted here as non-classical AOs), given that 
these algorithms in turn involve the summation operator; 
see Table 1.

For example, if a first-order AC operator is applied to ���⃗W 
obtained from G of 2-methylbutanal, using Pauling’s elec-
tronegativity (E) as atomic label, W⃗ = [2.55, 1.275, 0.85, 
2.55, 0.85, 1.75].

(18)Yi =

A
∑

i=1

Di�i

(19)���⃗W =
[

w1, w2, w3,… .,wn

]

AC1 =

n
∑

i=1

m
∑

j≥1

Li × Lj ∗
(

�
(

dij
))

If non-classical AOs are applied, then a series of indices 
can be obtained as generalization of the sum of their parts 
over classical invariants, for example:

The same applies to all the indices of the fourth group. 
That is to say, the classical forms (fourth group) may as well 
be generalized using the non-classical AOs of the first three 
groups, as shown in the example of AC order 1, based on E 
as the atomic label.

Local and total molecular descriptors

Motivated by the understanding that the chemical, phys-
icochemical or biological activity of compounds does not 

AC1 = [AC1(�1),AC1(�2),AC1(�3),AC1(�4),AC1(�5),AC1(�6)]

AC1(C1) = w1 ∗ w2 = 2.55 ∗ 1.275 = 3.25125

AC
1(C2) = w1 ∗ w2 + w2 ∗ w3

= 2.55 ∗ 1.275 + 1.275 ∗ 0.85 = 4.335

AC
1(C3) = w2 ∗ w3 + w3 ∗ w4 + w3 ∗ w5

= 1.275 ∗ 0.85 + 0.85 ∗ 2.55 + 0.85 ∗ 0.85

= 3.97375

AC1(C4) = w3 ∗ w4 = 0.85 ∗ 2.55 = 2.1675

AC1(C5) = w3 ∗ w5 + w5 ∗ w6 = 0.85 ∗ 0.85 + 0.85 ∗ 1.75 = 2.21

AC1(O6) = w5 ∗ w6 = 0.85 ∗ 1.75 = 1.4875

AC1 = [3.25125, 4.335, 3.97375, 2.1675, 2.21, 1.4875]

N1
(

AC
1

)

=

6
∑

i=1

AC
1i
= (3.25125 + 4.335 + 3.97375

+2.1675 + 2.21 + 1.4875) = 17.37

N2
�

AC
1

�

=

�

�

�

�

6
�

i=1

AC
2

1i

=
√

3.251252 + 4.3352 + 3.973752 + 2.16752 + 2.212 + 1.48752

= 6.18

MX
(

AC
1

)

= max(3.25125, 4.335, 3.97375,

2.1675, 2.21, 1.4875) = 4.34

G
�

AC
1

�

=
6

�

�

�

�

6
�

i=1

AC
1i

=
6
√

3.25125 ∗ 4.335 ∗ 3.97375 ∗ 2.1675 ∗ 2.21 ∗ 1.4875

= 1.52
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Table 1   Norms, Means and Statistical AOs as generalizations of the linear combination of W and Classical Algorithms

No. Groupa Name Identifier Formulab

20 Norms (Metrics) Minkowski norm (p = 1)
Manhattan norm

N1
N1 =

n
∑

i=1

�

�

Li
�

�

21 Minkowski norm (p = 2)
Euclidean norm

N2
N2 =

�

n
∑

i=1

�

�

Li
�

�

2

22 Minkowski norm (p = 3) N3
N3 = 3

�

n
∑

i=1

�

�

Li
�

�

3

23 Mean (first statistical 
moment)

Geometric mean G
G = n

�

n
∏

i=1

Li

24 Arithmetic mean (power mean of degree β = 1) M
M� =

(

L
�

1
+L

�

2
+…+L

�
n

n

)
1

�

25 Quadratic mean (power mean of degree β = 2) P2
26 Power mean of degree β = 3 P3
27 Harmonic mean (power mean of degree β = − 1) A
28 Statistical (highest sta-

tistical moments):
Variance V V =

∑n

i=1
(Li−M)

n−1

29 Skewness S
S =

n∗(X3)
(n−1)(n−2)(DE)3

X3 =
n
∑

i=1

�

Li −M
�3

M, arithmetic mean
SD, standard deviation

30 Kurtosis K
K =

n(n+1)X4−3(X2)(X2)(n−1)
(n−1)(n−2)(n−3)(DE)4

Xj =
n
∑

i=1

�

Li −M
�j

M, arithmetic mean
SD, standard deviation

31 Standard deviation SD
SD =

�

(
∑n

i=1
Li−M)

2

n−1

32 Variation coefficient VC VC = DE∕M
33 Range R R = Lmax − Lmin

34 Percentile 25 Q1 Q1 =
[

N

4
+

1

2

]

N, La number
35 Percentile 50 Q2 Q2 =

[

N

2
+

1

2

]

N, La number
36 Percentile 75 Q3 Q3 =

[

3N

4
+

1

2

]

N, La number
37 Inter-quartile range I50 I50 = Q3 − Q2

38 Maximum value MX MX = La max
39 Minimum value MN MN = La min
40 Classical Autocorrelation ACk ACk =

n
∑

i=1

n
∑

j=1

Li × Lj ⋅
�

�
�

dij, k
��

k = 1,2,…7
41 Gravitational GIk GIk =

1

n

n
∑

i=1

n
∑

j=1

LiLj

dk
ij

⋅

�

�
�

dij, k
��

k = 1,2,…7
42 Total sum at lag k TSk TSk =

n
∑

i=1

n
∑

j=1

Lij ⋅
�

�
�

dij, k
��

k = 1,2,…7
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always depend on the molecular structure as a whole, but 
also on particular portions, which may be functional groups, 
substructures or unsaturated regions, the present approach 
is further refined to allow the computation of total or local 
definitions of a molecular structure. In this sense, all or a 
subset of vector components may be considered, to obtain 
total or local MDs, respectively. Ten local types (or groups) 
are analyzed in the present report, i.e., hydrogen bond accep-
tors (HA), carbon atoms in aliphatic chains (LA), hydrogen 
bond donors (HD), halogens (HL), terminal methyl groups 
(MD), carbon atoms (CB), carbon atoms in aromatic sys-
tems (RA), heteroatoms (O, N and S in all valence states, 
denoted as HT), unsaturated bonds (IS) and groups at lag 
k (GL calculates a new vector W⃗ from the corresponding 
one, taking into account the topological distance for a deter-
mined step k between a pair of atoms, greater or equal to 
a determined cutoff value related to the number of atoms, 

found at determined distances and/or group of selected local 
types); for example, see Scheme 1. This scheme depicts the 
workflow followed in the computation of the total or local 
fragment indices, where different AOs are applied. In this 
case, IS and total were used as examples, applied to the W⃗ 
and AC vectors, respectively. Likewise, other local types 
may be considered yielding the corresponding vectors to 
which the AOs may be applied.

Software design

To calculate the MDs based on the application of AOs on 
W⃗ as previously described, the MD-LOVIs software was 
developed (http://tomoc​omd.com/md-lovis​). This computa-
tional tool offers a user-friendly platform to allow for quick 
and straightforward calculation of MDs. Moreover, it was 

a The second group (AOs 20-22) could be renamed as “location statistics” if percentiles and maximum (minimum) are taken into consideration in 
this group. In this case, the third group (AOs 23-39) could be renamed as “spread and shape statistics”
b W for “i” atoms in molecule

Table 1   (continued)

No. Groupa Name Identifier Formulab

43 Kier–Hall connectivity CNm
t

CNm
t
=

K
∑

k=1

�

nk
∏

i=1

Li

��

k

where K is the number of subgraphs, nk is the 
number of atoms in a fragment, λ is equal to 
½, m and t are the subgraph order and type, 
respectively

44 Mean information content MI
MI = −

G
∑

g=1

Ng

N0

⋅ log2
Ng

N0

where Ng is the number of atoms with the same 
LOVI value. N0 is the number of atoms in a 
molecule

45 Total information content TI
TI = N0 ⋅ log2 N0 −

G
∑

g=1

Ng ⋅ log2 Ng

46 Standardized information content SI SI =
TI

N0⋅log2 N0

47 Electrotopological state (E-state index) ES
ES = Ii + ΔIi +

n
∑

j=1

Ii−Ij

(dij+1)
2

where Ii is the intrinsic state of the ith atom and 
ΔIi is the field effect on the ith atom calculated 
as perturbation of the Ii 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.

48 Ivanciuc–Balaban-type indices IB
IB =

n2⋅B

n+C+1

n−1
∑

i=1

n
∑

j=i+1

aij
�

Li × Lj
�

−1

2

where the summation goes over all pairs of 
atoms, but only 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 
number), respectively

http://tomocomd.com/md-lovis
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designed to run on any host operating systems which sup-
ports Java (TM) 7 Runtime Environment and it is, therefore, 
platform independent.

The MD-LOVIs software is based on the Chemical 
Development Kit (CDK) library [40], which is an open-
source library of algorithms for structural chemo- and bio-
informatics studies. It serves as a base for many other appli-
cations, including some parts of MD-LOVIs.

Algorithms for calculating MDs using AOs

The following algorithm is used to calculate the MDs pre-
sented herein:

To begin:

Step 1 Compute the W⃗ from the MS.
Step 2 Compute the local atomic weights vector ( W⃗

�

 ) 
from W, where W⃗

�

 is a subset of ���⃗W.
Step 3 Compute the MD by applying the AO to W⃗

�

 : 
MD = AO ( W⃗

�

).

The MD names are defined based on the following 
scheme: 

[

����������� ��������
] [��������]

[��������−���� ���������]
 , 

e.g., N1 HX HT corresponds to a MD computed using the 
N1-norm applied to a vector W⃗ with the Hu–Xu’s vertex 
degree values (as atomic labels) for all heteroatoms within 
a structure. As it may be observed, the computation of the 
MDs using AOs follows a simple and straightforward 
algorithm.

In order to evaluate the computational complexity of 
the algorithm, some experiments were carried out, where 
appropriate behavior observed, and the results are given in 
supporting information SI-2. Further analysis on the com-
putational complexity is provided in the stress experiments 
carried out in subsequent sections; see Sect. 4.1.

MD‑LOVIs software

Figure 2 shows the MD-LOVIs’ flowchart collection, which 
includes the program architecture, main descriptors configu-
ration sequence and the output descriptor headers.

Figure 3 shows the UML diagram [49] of most important 
classes implemented in the MD-LOVIs software to perform 
the descriptor computation. The UML diagram for the pack-
ages is provided as Supporting Information SI-3.

In Fig. 3, the MolecularDescriptor class defines the con-
cept corresponding to the MDs based on W⃗ . On the other 
hand, the Statistical, Mean, Norm and Classical Algorithm 
classes implement the algorithms for the AOs. Moreover, 
the AtomicWeight, Chemical, Physical and VertexDegree 
classes contain the implementation of AWs for the molecu-
lar structures. In addition, the LocalType and CDKfunction 
classes implement the local fragment and functions obtained 
from CDK, respectively.

All the requests performed by the users through the 
graphic user interface (GUI) are processed by the MD-
LOVIs library. This component is organized in packages 
according to the goals of the functionalities, so as to facili-
tate its understanding. The principal package is Main, which 
does contain the packages CDK, View, Local, Properties 
and AggregationOperators; see SI-3. The Norms, Means, 
Statistics and Classical Algorithm packages contain the 
classes for the computation of AOs. Moreover, the Chemi-
cal, Physical and VertexDegree packages contain the classes 
for calculating atomic weights. On the other hand, the View 
package includes the classes for working with the GUI.

The CDK package includes the classes, which use the 
functionalities of the CDK descriptor. The View package 
contains the objects responsible for building the visualiza-
tion of the program. The Locals package contains the classes 
related to local fragments. The Properties package presents 

Scheme 1   Graphical represen-
tation of calculation of total 
and local MDs from LOVIs 
(AW (using E values) vector 
and autocorrelation vector) by 
using some AOs in MD-LOVIs 
software

Indices Atomic Weight Vector (E) AOs Autocorrelation Vector AOs

Total

N1=9.79
N2=4.36
G=1.47
P3= 1.91 
MX= 2.55
S=0.34

N1=17.37
N2=6.18
G=1.52
P3= 2.14
MX = 3.25
S=0.73

IS 

N1=2.57
N2=1.92
G=1.21
P3= 1.42 
MX= 1.72 
S=0 

N1=2.92
N2=2.07
G=1.46
P3= 1.46
MX= 1.46
S=2.49
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the classes corresponding to AW based on the physical, 
chemical and vertex degree properties. The Aggregation-
Operators package includes the classes related to Statistics, 
Norms, Means and Classical Algorithm AOs. SI-3 shows the 
GUI of the MD-LOVIs program, highlighting the different 
configuration parameters.

This software provides a total of 352,000 MDs and 
supports MOL, SDF and SMILE (and .smi) file formats 
as input files [50]. Moreover, this software supports CSV 
format (comma-separated value), TXT format (space-sep-
arated value) and ARFF (Attribute-Relation File Format) 
Weka file [51] as the output file formats.

Applications and experiments: what 
do aggregation operators have to offer 
in encoding chemical structural 
information?

Herein, we carried out four groups of experiments to evalu-
ate the performance and utility of MD-LOVIs software: 
(i) speed experiments (using three datasets) to assess the 
applicability of the software in large-scale computations, 
(ii) entropy-based variability analysis, (iii) orthogonality 
analysis by means of factor analysis and (iv) applicability 

Fig. 2   General flowchart of the MD-LOVIs software for MDs calculation

Fig. 3   UML Diagram showing the dependencies and inheritance hierarchy of fundamental classes of MD-LOVIs software



Molecular Diversity	

1 3

in QSAR studies. Most importantly, the performance of 
the MD-LOVIs software was compared with that of com-
mercial and open-source software in all the aforementioned 
experiments, in order to gain understanding on the merits 
and drawbacks of this software relative to the existing ones.

Descriptor calculation speed experiments

All the experiments for determining the speed of MD cal-
culations were performed on an HP ProDesk 600 G1 TWR 
with Intel Inside(R) Core(TM) i7-4790 CPU @3.60 GHz 
3.60 GHz processors and 16 GB RAM, with Windows 10 
and 64 bit Operating System and with 1 TB of total size of 
HDD.

A total of 19,601 compounds distributed in three data-
sets (15,050 compounds from OtavaPrimScreen15 [52], 
1545 compounds from NPACT [53] and 3006 compounds 
from DrugBank FDA-approved [54]) were used for the MD 
calculations (see SI-5). The average of speed of calcula-
tion was 0.19 s/molecule, delaying per molecule an average 
of 6.19 s, and the time of calculation of a descriptor was 
2.261 × 10−5 s.

An additional analysis was carried out to estimate the 
average calculation time of the AOs used in MD-LOVIs 
software. Table 2 shows the results of the average time per 
molecule for the calculation of MDs using the different 
classes of AOs.

As may be seen, the Norms, Means and Statistical AOs 
have an average speed of calculation of 27 molecules/s, 
27 molecules/s and 20 molecules/s, delaying for each mol-
ecule 0.043 s, 0.0447 s and 0.0557 s, respectively. Figure 4 
shows the average calculation speed of the AOs (time for 
100 molecules) by MD-LOVIs software and that of other 
software.

As can be seen, superior computation speeds are achieved 
for the Means, Norms and Statistical AOs implemented in 
MD-LOVIs (http://tomoc​omd.com/md-lovis​) relative to 
other software, such as Padel version 2.4 [5], CDKDescrip-
tor version 0.94 [9], DRAGON version 5.5 [3] and Bluecal 
[55]. MD-LOVIs is comparable with other software from 
the literature, since the average time for the calculation of a 
descriptor for 100 molecules, using the Classical (All AO) 

(0.002 s), Means (0.002 s), Norms (0.003 s) or Statistical 
(0.001 s) AOs, is lower than that for the CDKDescriptor 
(0.412 s), DRAGON (0.006 s), Bluecal (0.106 s) and Padel 
(0.031 s). For more information, see SI01.

Variability and degeneration

The Shannon entropy (SE)-based variability analysis was 
used for the internal comparison of the AOs, as well as the 
MD-LOVIs descriptors in general, with those generated 
from other software packages. For this study, the same three 
datasets (NPAC, OtavaPrimScreen15 and FDA-approved) 
were used to analyze the variability of the generated indi-
ces, in order to select the best descriptor types for optimal 
MD configuration profiles (denominated herein molecular 
descriptor projects) of the MD-LOVIs software. A total of 
19,601 molecules were employed, of which 19,589 were cor-
rectly calculated, representing a 99.93% coverage.

The highest SE for this dataset is determined as equal to 
log2 19,589 = 14.26 bits (SE = log2 N , where N is the number 
of bins; in this case, N is equal to the number of molecules). 
The IMMAN software [56] was used for calculating the 
SE, where values equal to zero (0) correspond to maximum 
degeneracy, while high values are related to low degeneracy 
in that such descriptors are deemed to be sensitive to progres-
sive changes in chemical structures and are thus generally 
suitable for correlation studies. For this study, a cutoff corre-
sponding to 60% relative to the maximum SE (i.e., 8.55 bits, 
based on a 19,589 bins discretization scheme) was employed 
as a criterion for selecting variables with low degeneracy.

A set of four studies were carried out: the first one in 
order to compare only the atomic properties (AWs), the sec-
ond in order to compare the AOs and a third one in order to 
analyze the variability of local fragment indices. Finally, an 
overall study was carried out to compare the MD-LOVIs 
MDs with other indices provided by other software reported 
in the literature.

Comparison between atomic weights (AWs)

In order to carry out this study, 96 MDs were calculated for 
each AW using the same descriptor configuration, and the 

Table 2   Performance of executions of AOs using three datasets

Time is given in seconds (s), speed in molecule by seconds (molecules/s) and time by molecule (s/mol)

OtavaPrimScreen15 NPACT​ FDA-approved

Descriptor Time (s) Time/mol Mol/s Time (s) Time/mol Mol/s Time (s) Time/mol Mol/s

Classical (All AO)(273,680) 53,090 3.53 1 14,415 9.33 1 17,216 5.7 1
Norms (1320) 370 0.025 41 102 0.066 15 117 0.039 26
Means (2200) 397 0.026 38 97 0.063 16 125 0.042 24
Statistics (5280) 565 0.038 27 118 0.077 13 150 0.050 20

http://tomocomd.com/md-lovis
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SE computed for each MD in the dataset. The SE distribu-
tion of each of the AWs is shown in SI-6.

As it can be observed, the best SE distribution was 
achieved for the AWs: DC and IN with SE values for all the 
generated variables greater than 11.80 and 12.47 bit/mol-
ecule, respectively, followed by P which had over 60% of its 
variables with SE values greater than 8.55 bit/molecule. The 
rest of the atomic labels generated MDs with only a few of 
them presenting SE values greater than 8.55 bit/molecule. 
For more information on all the results, see SI02.

In view of the results obtained in the performed studies, 
three groups of AW were formed: (i) AWs with high SE val-
ues (high_SE): IN, DC, P, Alk and Y, (ii) AW with medium 
SE values (medium_SE): S, A, Z, R, HX, LI, E, BD, M and 
VW and (iii) AWs with low SE (low_SE): T, I, C, L, KU and 
N. Each group had a total of 480 variables (size determined 
based on group with the lowest number of variables). For 
more information on all the results, see SI02.

Furthermore, the AWs were clustered into three groups 
according to their conceptual origin, that is, (1) Chemical 
AWs: Z, VW, P, A, R, E; (2) physical AWs: T, L, M, C; and 
(3) VertexDegree AWs: N, Y, S, KU, I, BD, LI, HX, Alk, IN, 
DC and subsequently the variability of each group analyzed. 
Each group comprised of 384 variables (cutoff determined 
by physical AW group as it possesses the least number of 
variables); the Shannon’s entropy distribution for each group 
is shown in SI-6 c). As may be observed, the vertexDregree 
group presented the highest variability with all it variables 
yielding SE values superior to 12.03 bit/molecule, followed 
by the chemical group (with 60% of its variables having 

SE values superior to 9.23 bit/molecule), while the physical 
group had a least favorable SE distribution. For more infor-
mation on all the results, see SI02.

In general, this study showed that the descriptors based 
on the AWs IN, DC, P, Alk and Y (mostly belonging to the 
VertexDegree group) possess high SE and are thus expected 
to yield less degenerate MDs, which could ultimately be 
useful in modeling tasks [56].

Comparison between aggregation operators (AOs)

The study presented herein was focused on the evaluation of 
the contribution in variability terms of the different aggre-
gation operators to the MD-LOVIs descriptors. For this, 
240 MDs were calculated for each AO using MD-LOVIs 
software and maintaining the same descriptor configura-
tion. Subsequently, the SE was computed for these MDs and 
their distributions analyzed based on the corresponding AO 
groups. SI-7 shows the SE values for the non-classical AOs: 
A, I50, R, Q3, N1, Q2, MX, Q1, P3, K, S, M, MN, P2, N2, 
N3, VC, SD, V and G.

As it can be seen, the A, N1, P3, M, P2, N2, N3, SD 
and G AOs presented the best performance with average 
SE values between 6 and 7 bit/molecule, while the rest 
of the AOs had average SE values below 6 bits. For more 
information on all the results, see SI03.

Based on the results of the aforementioned studies, 
the AOs were classified into three groups, where the first 
group high_SE (N2, N3, VC, SD, S, K) included the MDs 
with high SE values (> 12 bit/molecule), the second group 

Fig. 4   Time (s) of the MD-
LOVIs and other relevant 
software for calculating of DMs 
of 100 molecules
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medium_SE (P3, P2, M, N1, A, G) had the indices with 
moderate values of SE (11–12 bit/molecule) and the third 
group low_SE (Q1, MN, I50, Q2, Q3, R, V) have the MDs 
with low values of SE (< 11 bit/molecule). SI-7 b and SI-
7c show the SE distribution of these groups, with each 
group comprising of 300 MDs. For more information on 
all the results, see SI03.

In general, this study showed that the non-classical AOs 
N2, N3, VC, SD, S and K possess high variability; these 
belong to the Norms and Statistical AO classes. It may be 
suggested that these AOs yield MDs with suitable chemi-
cal structure discriminating capacity.

Comparison between Classical Algorithms AOs For this 
study, 240 MDs were computed for each AO of the classi-
cal algorithms, following the same descriptor configura-
tion for the AWs, total and local indices. SI-8 shows the 
SE values for each classical AO.

As it may be observed, the AOs TS, GI, AC and CN 
yielded the most favorable SE distribution with averages 
superior to 11 bit/molecule, while SI, TI and MI yielded 
lower average SE values. For more information on all 
results, see SI04.

In order to assess the contribution of the aforemen-
tioned AOs relative to the summation (N1) operator, two 
sets of variables were built comprising of, on the one hand, 
the best 100 variables obtained with all Classical Algo-
rithm AOs considering the N1 (sum) operator exclusively 
and, on the other hand, the best 100 MDs obtained with 
classical AOs using the rest of non-classical AOs. Poste-
riorly, the SE distribution of the two sets was compared as 
shown in SI-8. From this study, it was observed that MDs 
with higher variability are obtained when AOs other than 
the sum are employed, thus demonstrating the practical 

contribution of the proposed generalized scheme. For more 
information on all results, see SI04.

Comparison between local fragment types

For this study, the following configuration for the proposed 
local (group type) and total indices was considered: P and 
Y as AWs; N1, N2, P2 and K as AOs. A set of MDs were 
obtained for each local (group type) and the total indices; 
see SI-9.

The best MDs were global and local type’s indices: GL, 
HA, HT, IS, CB and LA, whose SE values were above 11 
bits on average. However, HL and MD had a low value of 
SE < 7 bit/molecule, while the RA and HD had an accept-
able value. For more information on all the results, see SI05.

Comparison of MD‑LOVIs with the other software

From the results of the previous studies, MD-LOVIs 
descriptor calculations were performed based on the best 
AWs, group types and AOs, yielding a total of 4200 MDs. 
Subsequently, the variability of these MDs was compared 
with that of indices computed with the CDKDescriptor ver-
sion 0.94 [9], Bluecal [55], Mold2 [8], DRAGON version 
5.5 [3], PowerMV version 02 [57] and Padel version 2.4 [5]. 
Figure 5 shows the Shannon’s entropy distribution of each 
of these MDs computing software.

MD-LOVIs generate higher probabilities of contain-
ing high SE variables than the rest of the software, such as 
Padel, DRAGON, CDK and Mold2. Therefore, it may be 
deduced that the variability of MD-LOVIs indices is com-
parable to that of the most popular MD computing software. 

Fig. 5   Comparison among 
MD-LOVIs and other software 
reported in the literature taking 
into account SE variability 
analysis
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This result suggests that MD-LOVIs software yields indices 
with greater information content and thus should contribute 
to greater modeling capacity. For more information on all 
results, see SI06.

Linear independence

In this section, the possible orthogonality between the MDs 
from MD-LOVIs and other software reported in the litera-
ture is examined using principal component analysis (PCA). 
The PCA is a mathematical technique that transforms several 
correlated variables into a reduced number of non-correlated 
variables, called principal components [31]. The extracted 
components have the following features: (1) The first com-
ponent explains the highest variance of the analyzed dataset, 
(2) consecutive components explain the variance that previ-
ous components did not explain and (3) variables loaded in 
each component are linearly independent of the ones loaded 
in the other components. The varimax-normalized method 
was used as the rotation strategy and a cutoff of 0.5 or 0.7 
for the factor loadings. For this study, the STATISTICA soft-
ware was employed [58].

Comparison between AWs

For this experiment, groups of AWs were selected based on 
their classification in the preceding section and the orthogo-
nality (linear independence) between them analyzed. The 
configuration of the MDs was as follows: Only N1 was cho-
sen as the AO; HT and RA were chosen as the fragment 
types in addition to the total indices; and from each AW 
group (high, medium and low), representative AWs were 
chosen.

The high group MDs analyzed herein were loaded in four 
factors, collectively explaining approximately 94.46% of 
the total cumulative variance. Factor 1 (59.63%) possessed 
strong loadings for the all AWs and IN with HT; in factor 
2 (24.46%), IN, Y and Alk with RA were loaded; factor 3 
(8.45%) has loadings for the AWs: DC, P with RA and DC, 
P, Alk with HT.

The medium group was loaded in four factors, contain-
ing approximately 97.46% of the total cumulative variance. 
For more information on all the results, see SI07. Factor 1 
(71.93%) had loadings for the AWs: Z, A, VW, M, S, BD, 
HX and LI with RA; in factor 2 (14.61%) was loaded the 
S with HT; factor 3 (7.22%) had loadings for the AWs: E, 
R, M, BD, HX, LI with HT and E, R with RA; and factor 4 
(3.70%) was loaded the VW with HT.

The low SE group was also loaded in four factors, con-
taining approximately 88.28% of the total cumulative vari-
ance (For more information on all the results see SI07). In 
factor 1 (41.87%) were loaded the following Aws: T, N, KU, 

with total, C, T, N, I and KU with HT; factor 2 (25.72%) had 
loadings for L, N, I and KU with RA; in factor 3 (11.53%) 
were loaded L, I with T and L with HT; and factor 4 (9.15%) 
had loadings for C and T with RA.

From this analysis, it is deduced that there is a degree of 
collinearity between the AWs of the high group and some of 
the medium group, but there is stronger collinearity between 
the medium and low groups. Nonetheless, some properties 
of the high group are orthogonal to the properties of the 
other groups. This indicates that the properties of the high 
group capture the same information as those of other groups, 
in addition to capturing orthogonal information relative to 
these groups. Consequently, the low and medium group 
would be discarded at this point.

Some of the most representative variables of each group 
and each factor belonging to each group (IN, P, HX, S, R, 
VW, N, KU, I, T) were selected for a further study con-
ducted to analyze the linear independence between them. 
These variables were loaded into four factors, containing 
approximately 94.46% of the total cumulative variance; for 
more information on all the results, see SI07; in the first fac-
tor (58.70%) were loaded VW, P, S, HX and IN using total 
and IN with HT; the second factor (25.91%) had loadings 
for VW, P, N, S, HX, IN with RA; in the third factor (7.73%) 
were loaded the following AWs: T, N, VW, P, S, HX with 
HT; and in the fourth factor (2.13%) only T with RA was 
loaded. The AWs: IN, S, P, T were orthogonal to each other, 
being the most representative of each group.

Comparison between AOs

In order to perform the orthogonality study of the AOs, 
non-classical and classical AOs were selected and analyzed 
separately, as in the previous variability study (Sect. 4.4.2).

The non-classical AOs were loaded in ten factors, 
accounting for approximately 91.59% of the total cumula-
tive variance. For more information on all the results, see 
SI08. In the first factor (33.49%) were loaded N2, N3, G, M, 
P2, P3, A, V, SD, R, Q1, Q2, Q3, MX as total indices; the 
second factor had loadings for (23.12%) N1, N2, N3, G, M, 
P2, P3, A, Q1, Q2, Q3, MX and MN with RA local indices; 
in the third factor (10.18%) were loaded N2, N3, M, P2, P3, 
V, SD, VC, R, Q3, I50, MX using HT local indices; in the 
fourth factor (5.26%) were loaded V, S, K, SD, VC and R 
using RA; the fifth factor (5.08%) had loadings for G, A, Q1, 
Q2 and MN using HT; in the sixth factor (4.79%) was loaded 
N1 using total and HT.

In the case of the classical AOs, these were loaded in 
11 factors, explaining approximately 90.54% of the total 
cumulative variance (For more information on all the 
results see SI08); in the first factor (38.09%) were loaded 
the classical AOs with N1 and TS (6-T) using HT; the sec-
ond factor (26.52%) had strong loadings for all AOs AC, 
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GI, TS, MI, TI, SI, IB, CN with N1 using RA local type 
indices; in the third factor (10.13%) were loaded the majority 
of the AC (2-T), GI, TS (2–5), MI, TI, ES using HT; fac-
tor 4 (3.66%) had loadings for 1AC, 1GI, (1–2) CN using 
HT; non-classical AOs were loaded in factor 5; in factor 6 
(2.42%) were loaded (2-5) CN using HT; factor 7, had load-
ings for non-classical AOs; in factor 8 (1.58%) was loaded 
the total SI; non-classical AOs were loaded in factor 9; in 
factor 10 (1.15%) only ES using RA was loaded; and in fac-
tor 11 (1.07%) was loaded SI using HT. The most representa-
tive variables in each strongly loaded factor: 4TS as global 
indices, TI using RA, TGI and 1GI using HT, SI using T, 
ES using RA, SI using HT were thus selected to constitute 
the set of orthogonal descriptors. It may therefore be con-
cluded that by applying different fragment types to these 
AOs, descriptors orthogonal to each other may be obtained.

Comparison between total and local fragment type MDs

For the analysis of the possible orthogonality between the 
local (fragment types) and the global (total) indices, the 
same configurations were selected for each local type (i.e., 
N1, N2 and P2 as the AOs, P and Y as AWs). These MDs 
were loaded into 17 factors, accounting for approximately 
86.98% of the total cumulative variance. For more informa-
tion on all results, see SI09.

F1 (35.07%) possess strong loadings for CB, GL, IS, LA, 
HT, MD, HD, HA and total (with P and Y as AWs) using 
N1, N2, P2 as non-classical AOs; F2 (12.44%) had loadings 
for IS, RA as fragment types using the P and Y as AWs, as 
well as the total and GL-type indices using Y as AW and 
the K as AO; in F3 (8.12%) were loaded HA, HL, HT using 
P and Y as AWs, and P2, N1, N2 as AOs; the fourth factor 
(4.78%) had loadings for CB, GL, IS, LA, as well as the total 
indices P as AWs and P2 as AO; F5 (4.08%) had loadings 
for MDs using Y and P as AWs and N1, N2, P2 as AOs; and 
in F6 (3.40%) only N1 AO is shown, with locals HA, HT 
calculated with P and Y AWs.

MD‑LOVIs versus other commercial and open MDs’ software

A set of 390 MDs was generated from the best configura-
tion (best combination of total and locals, AOs and AWs) 
with the MD-LOVIs software. The MDs whose SE value 
< 1 bit/molecule were excluded. Likewise, other MDs were 
calculated with DRAGON [3], Padel [5], Mold2, PowerMV 
[57], Bluecal [55] and CDKDescriptor [9] software and a 0.6 
cutoff of the factor loadings employed.

A total of 75 factors were obtained, which explain 85.04% 
of the cumulative total variance, exclusive loadings are 
obtained for MD-LOVIs indices in the factors (3(3.82%), 
8(2.25%), 10(1.96%), 13(1.21%), 15(1.05%), 18(0.89%), 

22(0.69%), 29(0.489%), 33(0.44%), 39(0.37%), 60(0.22%), 
67(0.18%)), while DRAGON indices are exclusively also 
loaded in the factors F9, F19, F23, F27, F34, F36, F43, F49, 
F53, Padel are exclusively loaded in the factors F7, F12, F16, 
F26, F28, F30, F37, F38, F41, F48, F50, F55, F58, F59, F65, 
F69, Mold2 MDs are exclusively loaded in few factors (F11 
and F21), Bluecal MDs are exclusively loaded in the factors 
F5, F24, F25, F40, F56 and F63, CDKDescriptor variables 
are exclusively loaded in F19, F20 and F36, while PowerMV 
MDs are exclusively loaded only one factor (F44). Much 
of the information codified by the Mold2, CDKDescriptor, 
Bluecal and DRAGON MDs is equally captured in the fac-
tors F1, F2, F4, F6, F9, F17, F42, F47, which demonstrated 
the collinearity between the MDs from this software. It can 
be seen that the MDs obtained by MD-LOVIs are orthogo-
nal to those of other software reported in the literature such 
as Padel, Mold2 and DRAGON. An important inference 
from this study is that MD-LOVIs indices codify structural 
information not described by indices from software reported 
in the literature, due to the diverse generalization schemes 
(AOs, weights, local indices) provided MD-LOVIs, which 
are not employed in any other software. For more informa-
tion of all the results, see SI10.

Relevance in QSA(P)R studies

In order to evaluate the contribution of the indices obtained 
with the MD-LOVIs software in modeling the chemical, 
physicochemical and biological properties of molecules, a 
relevance study was performed using different benchmark 
datasets, such as (I) Cramer’s steroid, (II) derivatives of 
2-furylethylene and (III) alkyl alcohols.

Here the models were built using multiple linear regres-
sion coupled with the genetic algorithm as feature selec-
tion methodology (MLR-GA), implemented in the Moby-
Digs software [59]. The following configuration setup was 
employed: the statistical parameter Q2

loo (“leave-one-out” 
cross-validation) as the optimization function, initial popu-
lation size of 100 individuals and the reproduction/mutation 
ratio of 0.5. The validation techniques bootstrapping (Q2

boot) 
and y-scrambling [a (Q2)] were used to assess the models’ 
predictive power and to verify the possibility of fortuitous 
correlations in the obtained QSPR models, respectively. The 
best model in each case was evaluated for its generalization 
ability using an “external validation” (Q2ext) procedure.

Cramer’s steroids

Cramer’s steroid dataset consists of 31 steroids with the cor-
responding binding affinity to corticosteroid binding globu-
lin (CBG) [60]. This dataset has been used in several studies 
to evaluate the performance of novel procedures or method-
ologies, proposed by several authors, by comparing them 
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with reported data [60]. For more information, see Support 
Information (SI-10). Therefore, the set can be considered as 
a “benchmark” for comparing molecular structure character-
izing strategies.

In this study, the Cramer’s steroid dataset was used to 
examine the local and total MDs obtained from the W⃗ and 
to compare the N1 invariant (sum of atom/fragment indi-
ces) with other AOs, based on their predictive capacity of 
the CBG binding affinity. Firstly, a comparison of all the 
AOs on the basis of their modeling capacity of the CGB of 
the Cramer’s steroids was performed. For this study, all the 
31 steroids are considered as training set. (The 31st steroid 
previously reported as an outlier in the literature was not 
excluded [61–63].) SI-11 shows the performance of the six-
variable QSAR models, in terms of the Q2

loo, built with the 
different AOs.

As can be observed, many mathematical AOs exhibited 
better performance than the N1 operator, for example, AC, 
IB, TS, ES, CN, TI, SI, MI and GI, with all these belonging 
to classical AOs group. Moreover, the following observa-
tions were taken for each group of AOs: for the Means, the 
quadratic mean (P2) had the best performance, while skew-
ness (S) was the best Statistical AO and also the overall 
best among the non-classical AOs). As for the “Classical 
Algorithms,” the best AO was GI using Norms, Means and 
Statistical AOs, respectively. Overall, the “Classical Algo-
rithms” had better performance than the non-classical AOs 
(i.e., Norms, Means and Statistical), which is logical since 
the classical invariants additionally take into account the 
connectivity (topology) of atoms in the molecules. The best 
overall AO was the gravitational (GI), with Q2

loo = 0.963. For 
more information, see Support Information (SI-12). This 
internal comparison showed that the global and local MDs 
from Norms, Mean, Statistical and “Classical Algorithms” 
AOs were better predictors of the Log1/k (CGB) property 
than just the sum of W⃗ components (N1); for more informa-
tion, see Support Information (SI-13).

An important finding from this evaluation is the fact that 
AOs allows the calculation of MDs with varying perfor-
mance in QSAR models, and their combinations should 
yield a better performance. SI-14 shows the best regression 
models based on 1–6 MD-LOVIs indices.

Generally, the obtained models are robust and not prone 
to chance correlation, being noticeable by the favorable 
cross-validation (Q2

loo and Q2
boot) and y-randomization [a 

(Q2)] parameters, respectively.
The Cramer’s dataset [60] was additionally split into 

training and test sets, in which 21 steroids are considered as 
training group and ten steroids as the prediction set.

In SI-15, the best QSARs are shown selected according 
the following statistical parameters: R2, the determination 

coefficient, Q2
loo, Q2

boot, a(Q2), SDEC, the standard deviation 
of regression and F, the Fisher ratio.

All models comprising of one to four variables showed 
good predictive ability of the log 1/K (CBG), with Q2

loo of 
0.980, 0.967, 0.934 and 0.850, respectively. In this case, the 
AOs: AC using N3, V, S and R, ES using R, and DE were 
employed in the model building. The statistic parameters 
of these QSARs suggest that the indices from MD-LOVIs 
codify important chemical structural information, useful in 
the modeling of bioactivity endpoints.

2‑Furylethylene derivatives

Modeling specific rate constants (log k). In order to evaluate 
the applicability of this new approach in the QSR(Reactivity)
R studies, we selected a dataset of 34 derivatives of 2-fury-
lethylene, for which the corresponding specific rate con-
stants (log k) and partition coefficients (log P) have been 
reported [64]. The best log k models obtained using these W⃗ 
as MDs, together with their respective statistical parameters, 
are given in SI-16.

Modeling partition coefficients (log P). The partition 
coefficient n-octanol/water (log P) has an important role in 
the understanding of the biological behavior of these 2-fury-
lethylene derivatives [64]. The best log P models obtained 
using the MD-LOVIs MDs, together with the corresponding 
statistical parameters, are given in SI-16.

As observed in Table 6, the MD-LOVIs yield models 
with good statistical quality, providing further confidence in 
the possible applicability of these AOs in QSPR modeling 
tasks.

Modeling boiling point (Bp) of 28 Alkyl Alcohols

This dataset comprises 28 alkyl alcohols (14 are primary, 6 
secondary and 8 tertiary) for which the boiling point (Bp) 
has been previously reported [65]. The best MLR models 
obtained to describe the Bp of these compounds using MD-
LOVIs are given in SI-17.

In general, most models presented herein include Classi-
cal Algorithms and Atatistical AOs (i.e., AC, ES, TS, S, V 
and R), AWs based on the IN, L and KU, local fragments IS, 
LA, HT, CB and HA, as well as the total indices (see SI-18). 
This result suggests that combining different MD-LOVIs 
parameter configurations yields information-rich descriptors 
useful in QSPR modeling.

It may therefore be concluded that the incorporation of 
the aforementioned generalization scheme in MD-LOVIs 
improves the performance of the derived global and/or local 
descriptors in modeling different endpoints, thus demon-
strating the practical contribution of this framework.
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Analysis for QSA(P)R comparative studies

Here, a comparison of the performance of the MD-LOVIs 
approach as a whole with respect to other software and 
approaches reported in the literature is conducted. In com-
parison with other approaches reported in the literature for 
Crammer’s steroids dataset, it is observed that the MD-
LOVIs indices yield better performance than the best model 
reported up to now, based on the combined electrostatic and 
shape similarity matrix (CESSM) method [66]; see sup-
porting information SI-19, even with a much lower degree 
of freedom [i.e., Q2

loo (MD-LOVIs) = 0.952, Q2
loo (MD-

LOVIs) = 0.958, Q2
loo (MD-LOVIs) = 0.964 for 4, 5 and 6 

variables, respectively, compared to Q2
loo (CESSM) = 0.941 

obtained with 6 variables]. The CESSM method employs 
the neural networks as the fitting method, which is known to 
yield better optimized models compared to other traditional 
regression procedures such as MLR, principal component 
regression or multiple logistic regression. Nonetheless, bet-
ter statistical parameters are obtained with the MD-LOVIs 
approach using a much simpler technique, demonstrating 
the theoretical robustness of the proposed strategy, notwith-
standing its simplicity (see Supporting Information SI-19).

In addition, the two size variable MD-LOVIs models 
computed on H-filled and H-suppressed Gs yielded supe-
rior performance (Q2

loo = 0.881 and Q2
loo = 0.853, respec-

tively) than many other methods, whose models were con-
structed with a greater degree of freedom, for example, 
TQSI (Q2

loo = 0.848), CoMMA(Q2
loo = 0.828) and SOMFA 

(Q2
loo = 0.74).
The good performance of the MD-LOVIs indices in 

QSAR modeling supports the hypothesis that global defi-
nitions of chemical behavior from atomic characteristics 
may not after all imply their linear combinations, and 
therefore, other relations should also be contemplated. 
Additionally, the MD-LOVIs indices offer a remarkable 
advantage over most 3D techniques due to their inherent 
simplicity, in which procedures such as molecular align-
ment and structural optimization, which usually result 
in the inapplicability of some methods to structurally 
diverse datasets, are avoided [67]. SI-20 shows the sta-
tistical parameters of the different approaches reported in 
the literature.

The models obtained by MD-LOVIs (with three and four 
variables) with Q2

loo of 0.980 and 0.967, respectively, have 
superior performances than the corresponding model based 
on kNN-MFA/simulated annealing (SA) [68], with Q2

loo of 
0.95, for six statistical variables, which is considered as the 
best model reported in the literature. Moreover, the model 
from MD-LOVIs (with two variables and Q2

loo = 0.934) has 
better performance than some model such as kNN-MFA/
genetic algorithm (GA) [68] (with eight variables and 
Q2

loo = 0.93), CoMFA [69] (with two principal components 

and Q2
loo =0.903), G-WHIM [70] (with two variables and 

0.893) and CoMSA [71] (with one principal component and 
Q2

loo = 0.88). These methods are more complex than MD-
LOVIs and mostly nonlinear in nature. The MD-LOVIs 
strategy offers a remarkable advantage over most complex 
techniques due to its inherent simplicity. This result sug-
gests that indices from MD-LOVIs codify relevant chemi-
cal information useful in correlation studies despite their 
simplicity and low computational cost.

Moreover, a comparison of the results obtained with 
the MD-LOVIs indices in modeling the boiling point of 
alkyl alcohols, as well as the physicochemical properties 
of the 2-furylethylene derivatives, was made. The results 
of the respective global predictions obtained with all other 
approaches are shown in SI-21.

The models obtained by the MD-LOVIs indices also 
show comparable performance with respect to recently pub-
lished DIVATI [20] and GT-STAF [72] results in the case 
of logP and log k, and they show superior performance than 
rest MD families reported in the literature such as linear 
indices, local spectral moments [92] and quantum chemical 
descriptors [73], despite their simplicity. It can be suggest-
ing that indices of MD-LOVIs could be a promissory tool in 
the QSAR/QSPR studies. This conclusion is consistent with 
two recent studies, where MD-LOVIs software was used in 
comparative QSAR studies, based on Sutherland’s [74] and 
benzene derivative datasets [75], respectively. In the first 
study, the models obtained with the MD-LOVIs descrip-
tors using the MLR-GA approach were superior to CoMFA 
[60], CoMSIA [76], Hologram QSAR (HQSAR), QSAR by 
eigenvalues analysis (EVA), back-propagation feed-forward 
neural network implemented in Cerius2 using 2.5D descrip-
tors (NN 2.5D) and ensemble neural network (NN-ens) 
using 2.5D descriptors by Sutherland et al. [77]. Also, MD-
LOVIs descriptors were successfully used to obtain models 
for predicting the structure–toxicity relationships of benzene 
derivatives, comparing favorably with previously published 
models that used the same dataset, such as CoMSIA [76], 
CoMFA [60], VolSurf, ERM-VolSurf and Quantum chemi-
cal descriptors [78].

Concluding remarks

In this report, a set of AOs was introduced as a generalization 
of the sum of elements in an atomic weights vector, W⃗ . These 
AOs are used as invariants and are classified in Norms, Means, 
Statistical AOs and “Classical Algorithms,” respectively. To 
facilitate the use of the proposed AOs in QSAR modeling, 
these were implemented in the MD-LOVIs software, a free 
and user-friendly platform for the computation of descriptors. 
This software was implemented in the Java programming lan-
guage and can thus be run on any operating system (Linux, 
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Windows, MacOS). Moreover, the MD-LOVIs software 
allows computation of total and/or local indices and the addi-
tion or removal of H atoms in molecular structures.

The variability and principal component analysis of the 
MD-LOVIs indices demonstrated that the proposed generali-
zations yield MDs with superior variability compared to the 
MDs based on the summation operator, as well as other indices 
reported in the literature, and capture chemical information 
not codified by the MDs derived from the sum of the atomic 
indices as well as those of other software in general, such as 
DRAGON [3], Padel [5] and Mold2 [8].

Also, the indices generated by MD-LOVIs software are 
used in the modeling of diverse properties of organic com-
pounds, yielding superior statistical parameters compared to 
other strategies reported in the literature and demonstrating 
the usefulness of this approach in codifying relevant chemical 
structural information, despite its simplicity and low computa-
tional cost. Moreover, the QSPR studies demonstrate that bet-
ter predictors may be obtained with other AOs other than the 
summation operator (N1 in our scheme). Finally, it is impor-
tant to note that the proposed generalization scheme may be 
applied to any family of MDs defined at the atomic or bond 
level and obtained diverse MDs.

Altogether, these results suggest that MD-LOVIs software 
is a promissory tool for use in cheminformatics studies. This 
software, as well as predefined configurations of descriptors 
(in form of batch projects) considered to be orthogonal and 
the most informative, is freely available online at http://tomoc​
omd.com/md-lovis​. All studies performed herein demonstrated 
that the MD-LOVIs software generates indices as simple as 
possible, but not simpler; by using the AOs, the diversity of 
the codified chemical information is enhanced and the per-
formance of the obtained indices in QSA(P)R modeling is 
improved. This fact reminds us of the phrase stated by Albert 
Einstein that “Everything Should Be Made as Simple as Pos-
sible, But Not Simpler.”

Supplementary information available

The value of multiple linear regression models and the 
MD-LOVIs molecular descriptor sets used in all studies, 
PCA results, speed test data and Shannon entropy-based 
variability analysis are freely available via the Internet at 
http://stati​c-conte​nt.sprin​ger.com/esm/.
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