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Abstract—Molecular maps of atom-level properties (MOLMAPs) were developed to represent the diversity of chemical bonds exist-
ing in a molecule. Chemical reactivity, being related to the ability for bond breaking and bond making, is primarily determined by
the properties of bonds available in a molecule. In order to use physicochemical properties of individual bonds for an entire mol-
ecule, and at the same time having a fixed-length molecular representation, all the bonds of a molecule are mapped into a fixed-size
2D self-organizing map (MOLMAP). This article illustrates the application of MOLMAP descriptors to QSAR, with a study of the
radical scavenging activity of 47 naturally occurring phenolic antioxidants. Counterpropagation neural networks (CPG NNs) were
trained with MOLMAP descriptors selected using genetic algorithms to predict antioxidant activity. The model was subsequently
validated by the leave-one-out (LOO) procedure obtaining a q2 of 0.71. Random Forests were grown with the entire set of MOL-
MAP descriptors giving 70% of correct classifications as potent, active or inactive in a LOO experiment. Interpretations of both
models in terms of discriminant variables were concordant and allowed identifying bonds and substructures that are mostly respon-
sible for antioxidant activity. This work shows how MOLMAPs can be used for data mining of structural and biological activity
data, leading to the extraction of relationships between local properties and activity.
� 2005 Elsevier Ltd. All rights reserved.
1. Introduction

The widely distributed phenolics in higher plants, such
as flavonoids, catechols, and derivatives of gallic acid,
are considered dietary antioxidants. Besides antioxidant
activity, phenolic molecules elicit several interesting and
varied biological responses ranging from antimicrobial
to immunomodulatory activities. Sergediene et al. stud-
ied prooxidant toxicity of polyphenolic antioxidants
using enthalpies of single electron oxidation (quantum
mechanical calculation) and attributed cytotoxicity to
the ease of oxidation and lipophilicity.1 Verma and
Hansch found that different biological activities of caf-
feic acid derivatives are dependent on hydrophobicity
or molar refractivity with a bilinear correlation.2

The structural requirements for radical scavenging
activity are reported mostly for tannins, flavonoids,
phenolic acids, and lignins. Yokozawa et al. reported
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that tannins are more active scavengers against diphenyl
picrylhydrazyl (DPPH) radical than flavonoids. The gal-
loyl groups enhance the activity of tannins, while the
number and position of hydroxyl groups are important
for the radical scavenging activity of flavonoids. The
methoxylation or glycosylation of a free hydroxyl group
decreased or abolished the activity of flavonoids.3 Mat-
suda et al. studied the structural requirements of flavo-
noids for inhibition of protein glycation and reported
that methylation or glucosylation of the 4-hydroxyl
group decreases the activity of flavonols, flavones, and
isoflavones, while methylation or glucosylation of 3-hy-
droxyl or 7-hydroxyl increases the activity. The flavo-
noids with strong inhibition of protein glycation
correlated with scavenging activity for DPPH and
superoxide anion radicals.4 In another study employing
different oxidants including DPPH, the presence of a
catechol group was found to result in high antioxidant
capacity amongst flavonoids possessing different basic
structures but the same hydroxylation pattern. The fla-
vone kaempferol, in spite of bearing no catechol group,
presented a high antioxidant activity against some oxi-
dants because of the presence of both a 2,3-double bond
and a 3-hydroxyl group.5 Heim et al. concluded that for
flavonoids, multiple hydroxyl groups confer antioxidant
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activity while methoxy groups introduce unfavorable
steric effects and increase lipophilicity. A double bond
and carbonyl function in the heterocycle or polymeriza-
tion of nuclear structure increases activity by affording a
stable flavonoid radical through conjugation and elec-
tron delocalization.6 Amic et al. built a QSAR model
for the DPPH antiradical activity of 29 flavonoids using
descriptors that encode the position of phenolic hydrox-
yl groups.7 Saroka and Cisowski investigated the hydro-
gen peroxide scavenging activity of water soluble
phenolic acid derivatives and found that the strongest
activity is exhibited by molecules with three hydroxyl
groups bonded to the aromatic ring in an ortho position
relative to each other, followed by molecules with two
hydroxyl groups bonded to an aromatic ring in ortho
position. The molecules with two hydroxyl groups
bonded to the aromatic ring in meta position were next,
followed by molecules with one hydroxyl group exhibit-
ing the lowest antioxidant activity.8 Dizhbite et al. stud-
ied the DPPH radical scavenging activity of lignins and
proposed that non-etherified hydroxyl phenolic group,
ortho OMe groups, and the double bond between outer-
most carbon atoms in the side chain increase scavenger
activity.9

The scavenging of various free radicals has been
explained using structural features of antioxidants.
Tyrakowska et al. reported that the trolox equivalent
antioxidant capacity (TEAC) of 4-hydroxybenzoates is
not determined by the tendency of the molecule to do-
nate an electron but by its ability to donate a hydrogen
atom.10 Lien et al. used the heat of formation, ELUMO,
EHOMO, and number of hydroxyl groups to develop a
model for phenolic antioxidants and found that the
number and location of hydroxyl groups govern the
TEAC of the flavonoid ring system.11 Zhang et al.
reported that the bond dissociation energy (BDE) of
O–H correlates well with the logarithm of the peroxy
radical scavenging rate constant for phenolic antioxi-
dants. Although the O–H charge difference and EHOMO

can determine the O–H BDE for simple phenols, they
are invalid when the phenols possess intramolecular
hydrogen bonds.12 Zhang and Wang used the density
function theory to characterize peroxyl radical scaveng-
ing by coumarins and thiaflavins. They reported that
H-atom transfer is the preferred mechanism of scaveng-
ing and can be measured by O–H bond dissociation
enthalpy.13 Cheng et al. reported a correlation between
hydroxyl radical scavenging activity and OH bond
strength, electron-donating ability, enthalpy of single
electron transfer, and spin distribution of phenoxyl rad-
icals after H-abstraction.14 Sadeghipour et al. evaluated
the ability of polyphenols for inhibition of peroxynitrite-
induced nitration of tyrosine using heat of formation
and found the flavonoids with 3,4-hydroxyl substruc-
tures to be the most effective.15

Chemical reactivity, being related to the ability for bond
breaking and bond making, is primarily determined by
the properties of bonds available in a molecule. Gastei-
ger and co-workers16 have proposed seven empirical
physicochemical properties of chemical bonds for
modeling chemical reactivity: difference of sigma
electronegativity between the two atoms of the bond
(DENSIG—Dvr), difference of total atomic charge
(DQTOT—Dqtot), difference of pi atomic charge
(DQPI—Dqp), mean bond polarizability (BPOLARIZ—
ab), bond dissociation energy (BDE), resonance stabiliza-
tion (STABRS—R±), and bond polarity (SQIT—Qr).
In order to use all that information for an entire mole-
cule, and at the same time having a fixed-length represen-
tation, we mapped all the bonds of a molecule into a
fixed-length 2D self-organizing map.

A self-organizing map (SOM) must be trained before-
hand with a diversity of bonds from different structures
(each bond described by the seven bond properties cal-
culated by PETRA17). Then all the bonds of one mole-
cule are submitted to the trained SOM, and the pattern
of activated neurons is a map of the reactivity features of
that molecule (MOLMAP)—a fingerprint of the bonds
available in that structure. Such MOLMAP (molecular
maps of atom-level properties) descriptors can be direct-
ly used in QSAR studies related to chemical reactivity,
in situations involving different types of reaction sites
in a single data set, more than one reaction site in a sin-
gle structure, or unknown reaction sites. In this paper,
we illustrate the application of MOLMAP descriptors
to the prediction of DPPH radical scavenging activity
of naturally occurring phenolic antioxidants.

Being rapid, simple, and independent of sample polarity,
the DPPH method is very convenient for the quick
screening of samples for radical scavenging activity.18

The free radical scavenging activity was measured as
the concentration required for inhibiting DPPH radical
formation by 50%. Models were developed for predic-
tion of radical scavenging activity with counterpropaga-
tion neural networks (CPG NN)19 and Random
Forests.20
2. Conclusion

MOLMAP descriptors encode local aspects of a chemi-
cal structure, exclusively on the basis of physicochemical
properties, in a fixed-length code. The resolution of the
code can be adjusted to the universe of the data set to
investigate. MOLMAP descriptors are easily correlated
with local structural features, without requiring the
explicit detection of substructures. Their use by machine
learning techniques such as neural networks or Random
Forests for QSAR applications can lead to the identifi-
cation of structural features responsible for activity.
Exploring a data set consisting of the antioxidant activ-
ity of 47 natural products related to cinnamic acid and
benzoic acid, MOLMAP descriptors were selected by
genetic algorithms and used to train CPG NNs that
yielded a LOO q2 value of 0.712 between predicted
and experimental IC50 value. Random Forests were
grown with the entire set of MOLMAP descriptors giv-
ing 70% of correct classifications as potent, active or
inactive in a LOO experiment. Interpretation of the
models allowed for the identification of the 3,4-hydroxyl
substitution pattern of aromatic rings as a typical motif
contributing to high activity, and 3-OMe, 4-OH as a
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motif leading to mid-range activity. This work illustrates
how the new MOLMAP approach can be used for data
mining of structural and biological activity data, and for
the extraction of relationships between local properties
and activity.
3. Methods

The experiments here described required two major
steps, the generation of the descriptors and the develop-
ment of predictive models. Generation of the descrip-
tors, the so-called MOLMAPs, was obtained by a
Kohonen self-organizing map.19 For training this map,
each object of the training set was a chemical bond, rep-
resented by seven empirical physicochemical properties.
This training set comprised bonds from a diversity of
structures. Once trained, the map was used to obtain
molecular descriptors—all the bonds of one molecule
were submitted to the map and the resulting pattern of
activated neurons (the MOLMAP) was the descriptor
of the molecule. The second step consisted of establish-
ing relationships between MOLMAPs and radical scav-
enging activity. The details are explained below.

3.1. Data set

A set of 47 natural products, evaluated by DPPH assay,
was compiled from the literature (Table 1). Some of
these molecules are related to cinnamic acid and were
isolated and characterized at our department,21 and
were evaluated for antioxidant activity by the DPPH
assay. The antioxidant activity was reported as IC50

(micromolar concentration required to inhibit the
DPPH radical by 50%). The IC50 values were converted
to micromoles to make the activity data homogenous
and directly comparable. Since the radical scavenging
activity varied by orders of magnitude, it was trans-
formed into natural log values. The molecules were clas-
sified as potent if they exhibited IC50 < 3.5 (17
molecules); active if IC50 was between 3.5 and 5.5 (19
molecules) and inactive if IC50 was 5.5 or more (11
molecules).

3.2. Training of a Kohonen self-organizing map with
bonds

Kohonen self-organizing maps (SOM) can be used for
the reduction of multidimensional objects to 2D.19 In
this study, we used SOMs to reduce to 2D the dimension
of chemical bonds, represented by seven empirical phys-
icochemical properties calculated by PETRA 3.2017—
bond dissociation energy (BDE), resonance stabilization
(STABRS—R±), difference of sigma electronegativity
between the two atoms of the bond (DENSIG—Dvr),
difference of total atomic charge (DQTOT—Dqtot), dif-
ference of pi atomic charge (DQPI—Dqp), mean bond
polarizability (BPOLARIZ—ab), and bond polarity
(SQIT—Qr). The values for each property were linearly
scaled between 0.1 and 0.9. As some properties depend
on the orientation of the bond, each bond was repre-
sented twice (as A–B and B–A). In order to focus on
hydroxyl groups attached to aromatic systems (mainly
responsible for reactivity) only bonds were considered
that include an oxygen atom belonging to an aromatic
hydroxyl group.

SOMs learn by unsupervised training, revealing simi-
larities between objects (bonds). A Kohonen SOM
consists of a grid of so-called neurons, each containing
as many elements (weights) as there are input vari-
ables. Here, the input variables are the seven proper-
ties of bonds. Before the training starts, the weights
take random values. During the training, each individ-
ual bond is mapped into the neuron that contains the
most similar weights compared to its properties. This
is the central neuron, or winning neuron—Figure 1.
It is said that the winning neuron was activated by
the bond, and its weights are then adjusted to make
them even more similar to the properties of the pre-
sented bond. Not only the winning neuron has its
weights adjusted, but also the neurons in its neighbor-
hood. The extent of adjustment depends, however, on
the topological distance to the winning neuron—the
closer a neuron is to the central neuron the larger is
the adjustment of its weights. The objects of the train-
ing set are iteratively fed to the map, the weights cor-
rected, and the training is stopped when a pre-defined
number of cycles are attained. A trained Kohonen
SOM will reveal similarities in the objects of a data
set in the sense that similar objects (similar bonds)
are mapped into the same or closely adjacent neurons.
A self-organizing map with 12 · 12 neurons was
trained with 428 bonds extracted from the 47 molecu-
lar structures. The initial learning span was set at five
and the network was trained over 50 epochs. SOMs
were implemented with in-house developed software
based on JATOON Java applets.22,23

3.3. Molecular descriptors (molecular MOLMAPs)

A representation of the set of bonds existing in a mole-
cule can be obtained by mapping the bonds of that mol-
ecule on the SOM previously trained with a diversity of
bonds. The pattern of activated neurons (Fig. 2) can be
interpreted as a fingerprint of the reactivity of the mol-
ecule, and it was used as a molecular descriptor
(MOLMAP). For numerical processing, each neuron
got a value equal to the number of times it was activated
by bonds of the molecule. The map was then trans-
formed into a vector by concatenation of columns
resulting in a fixed-length (12 · 12 = 144) MOLMAP
descriptor for each molecule. In order to account for
the relationship between similarity of bonds and prox-
imity in the map, a value of 0.3 was added to each neu-
ron multiplied by the number of times a neighbor was
activated by a bond (Fig. 2). In the following sections,
we call each of these neurons a component of the MOL-
MAP, and we follow the terminology according to
which an activated neuron contributes to its neighboring
components. Figure 2 illustrates the set of bonds
mapped on the SOM previously trained with a diversity
of bonds and the generation of a MOLMAP for nepetoi-
din B (A14). The top left neuron of the MOLMAP is
defined as component (1,1) and the bottom right as
(12,12).



Table 1. Experimental ln(IC50) values and predictions by counterpropagation neural networks (CPG NNs) and random forests (RF)

ID Molecule CPG RF Exptl. Ref.

A01 Piceatannol 5.70 4.66 5.64 28

A02 trans-Resveratrol 5.34 4.76 6.03 28

A03 Scirpusin A 5.72 3.59 5.11 28

A04 Olivil 4.09 4.03 4.64 28

A05 (�)-Carinol 4.22 4.40 3.78 28

A06 (+)-Cycloolivil 3.24 3.91 4.34 28

A07 2-Hydroxy-6-methoxybenzoic acid 7.22 6.13 7.08 28

A08 Caffeic acid 3.24 3.02 2.95 29

A09 Caftaric acid 3.13 3.03 3.02 29

A10 Chlorogenic acid 3.11 3.07 2.94 29

A11 Cyanarin 2.38 2.64 2.41 29

A12 Echinacoside 2.79 2.86 1.89 29

A13 Cichoric acid 2.29 2.73 2.15 29

A14 Nepetoidin B 2.48 2.97 0.96 30

A15 Gallic acid 3.07 4.35 1.55 30

A16 Rosmarinic acid 2.73 2.97 1.65 30

A17 Curcumin 4.19 4.84 1.03 31

A18 Demethoxy curcumin 3.58 3.75 3.67 31

A19 Bisdemethoxy curcumin 3.46 2.48 5.73 31

A20 Rosmarinic methyl ester 2.56 2.52 2.57 32

A21 Dihydroferulic acid 4.80 4.65 4.34 33

A22 Ferulic acid 3.92 4.87 4.74 33

A23 Sinapic acid 3.63 4.85 4.35 33

A24 Dihydrosinapic acid 3.73 4.31 3.79 33

A25 Vanillic acid 7.12 5.25 5.52 33

A26 p-Hydroxycinnamic acid 6.62 5.86 7.66 33

A27 Sargachromenol 3.85 4.13 2.55 34

A28 Sargachromenol methyl ester 3.87 4.05 2.76 34

A29 Sargahydroquinoic acid 3.63 3.40 1.81 34

A30 Sargahydroquinoic methyl ester 3.24 2.85 2.85 34

A31 6-O-Acetyl-martynoside 5.17 5.17 5.30 35

A32 Wiedemannioside B 5.10 5.17 5.30 35

A33 Wiedemannioside C 5.05 5.03 5.30 35

A34 Wiedemannioside D 4.88 5.03 5.30 35

A35 Wiedemannioside E 5.12 5.03 5.30 35

A36 Acetoside/verbascoside 2.14 1.95 4.14 35

A37 Martynoside 5.17 5.19 5.30 35

A38 Methyl 4-O-b-DD-glucopyranosylcaffeate 3.56 4.69 4.79 21

A39 1-O-Caffeyl-b-DD-glucopyranoside 2.89 2.82 3.71 21

A40 Glucosylcinnamate derivative 7.13 5.23 7.16 21

A41 Glucosylcaffeate derivative 4.13 5.00 4.18 21

A42 b-DD-Glucopyranosyl 4-hydroxybenzoate 7.06 6.49 7.86 21

A43 Glucosylbenzoate derivative 7.16 6.85 7.40 21

A44 2-Phenylethyl-b-DD-glucopyranoside 7.00 6.66 7.94 21

A45 5-O-Caffeyl quinic acid 3.26 3.20 2.52 3

A46 Yunnaneic acid C 3.30 4.46 2.62 3

A47 Bergenin 4.78 3.55 6.21 3

1202 S. Gupta et al. / Bioorg. Med. Chem. 14 (2006) 1199–1206
3.4. Selection of descriptors by genetic algorithm

For the selection of MOLMAP descriptors (or compo-
nents), evolution of a population was simulated using
genetic algorithms.24 Each individual of the population
represented a subset of components and was defined
by a chromosome of binary values. At the beginning
of the evolution, the chromosomes were assigned ran-
dom values. In each generation, half of the individuals
mated (the fittest individuals), and the other half died.
The chromosomes of the offspring resulted from cross-
over of their parents� chromosomes, followed by muta-
tion. The fitness (scoring) of each chromosome was
evaluated by the ability of the corresponding subset of
descriptors to predict antioxidant activity with counter-
propagation neural networks. In these experiments, the
CPG NN was trained with the whole data set and pre-
dictions were obtained for all the molecules. The indi-
viduals with higher scores were allowed to mate. A
population size of 50 individuals was allowed to evolve
over 100 generations and the chromosome of the best
individual was used for model development.

3.5. Model development with CPG NNs

CPG neural networks were used to model the relation-
ship between the MOLMAP descriptors of antioxidants
and the corresponding IC50 values. The 25 MOLMAP



Figure 1. Representation of the input of a bond to a Kohonen

self-organizing map and activation of the winning neuron. This is the

SOM on which generation of the MOLMAP descriptors is based.
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descriptors selected by genetic algorithms were used to
train CPG NNs of size 10 · 10 over 50 epochs with an
initial learning span of two. Leave-one-out (LOO) meth-
od was used to predict the IC50 values because the data
set was too small to be divided into training and test
sets. A CPG NN consists of two layers of neurons.
The first layer is a Kohonen map, and this is responsible
for choosing the winning neuron. It stores information
concerning the input data. The second layer stores infor-
mation concerning output (IC50 value). Note that this
map is used for a completely different purpose than
the Kohonen map mentioned in Sections 3.2 and 3.3.
During the training, each time a winning neuron is cho-
sen, its weights at both the input and output layers are
adjusted to make them more similar to the presented
data. The trained network can then make predictions
for the IC50 value of one molecule when the descriptors
are submitted as input—the winning neuron is chosen
and the correspondent value in the output layer is taken
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Figure 2. (a) Pattern of neurons activated by bonds of molecule A14 on the 12

into a MOLMAP.
as the predicted IC50 value. We averaged the predicted
IC50 values from 10 random leave-one-out experiments
to develop quantitative structure–activity relationships
because different runs of the training procedure yield dif-
ferent networks (due to random initialization of weights
and order of presentation of objects).

3.6. Model development with Random Forests20,25

A Random Forest is an ensemble of unpruned regres-
sion trees created by using bootstrap samples of the
training data and random subsets of variables to define
the best split at each node. It is a high-dimensional non-
parametric method that works well on large numbers of
variables. It has been shown that the method is extreme-
ly accurate in a variety of applications. Additionally, the
method quantifies the importance of a variable by the
increase in standard error when the values of the vari-
able are randomly permuted. In this study, Random
Forests were grown with the R program version
2.0.126 using the randomForest library.27 They were
used to predict the IC50 values of antioxidants from
the MOLMAP of the molecules without previous selec-
tion of MOLMAP components. A LOO procedure was
followed as for the CPG NNs, with 47 forests grown on
the basis of 46 molecules.
4. Results and discussion

CPG NNs were trained to predict IC50 values on the ba-
sis of 25 MOLMAP descriptors selected by genetic algo-
rithms. Each molecule was thus submitted to the CPG
NN in the form of a 25-dimension vector. The IC50 val-
ues predicted by counterpropagation networks correlat-
ed with the experimentally observed IC50 values
exhibiting a q2 of 0.712 (n = 47) and RMS error of
HO OH

· 12 self-organizing map. (b) Numerical transformation of the pattern
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1.001 (Table 1 and Fig. 3). The omission of A17
(squared-residual > three standard deviations) and A19
(squared-residual > two standard deviations) resulted
in q2 of 0.790 (n = 45) and RMS error of 0.842. The
molecules with squared residuals within one standard
deviation result in q2 of 0.838 (n = 43) between the
predicted and experimental IC50 values (RMSE =
0.756).

CPG NNs trained with MOLMAP descriptors not only
make predictions but can also highlight relationships be-
tween structural features and activity. Inspection of a
CPG NN trained with all the objects (Fig. 4) revealed
Figure 4. Representation of the output layer of the CPG NN, with

neurons predicting high activity in red and those predicting inactivity

in blue. The compounds A08, A09, A10, A39, and A45 predicted to be

potent were mapped into the same neuron, and the same happened

with A12, A16, A20, and A36.
that structurally similar molecules were mapped togeth-
er in one neuron or as a cluster. In Figure 4, the neurons
with a low output (low IC50 values) are colored in red
and neurons corresponding to high IC50 values are col-
ored in blue. The molecules A08, A09, A10, A39, and
A45 predicted to be potent were mapped into the same
neuron at the top left. Also A12, A16, A20, and A36 pre-
dicted to be potent were appearing in a single neuron.
Seven of these nine molecules were experimentally ob-
served to be potent and two active (A36 and A39). Both
neurons exhibited a particularly high weight at the sev-
enth layer that corresponds to component (3,10) of
the MOLMAPs. It was observed that this component
is activated by C–O bonds of an OH group at meta po-
sition in the aromatic ring and adjacent to another
hydroxyl group at para position. The component
(3,10) of the MOLMAPs was activated by C–O bonds
from 12 molecules—two active (A36 and A39) and 10
potent compounds.

Molecules A17, A18, A22, A23, and A24 were clustered
together (at the mid-bottom of the CPG NN surface in
Fig. 4) and predicted to be active. Four of the five com-
pounds were correctly predicted to be active, while one
is potent (A17). The first and second layers of the
neurons in this region had high values. These layers cor-
respond to components (1,1) and (1,6) of the MOLM-
APs, respectively. Significantly, both layers are linked
to the same structural feature—a hydroxyl group at para
position in the aromatic ring and adjacent to a methoxy
group. Component (1,1) was activated by C–O bonds at
para position from six molecules (A15, A17, A18, and
A22–24). All the six molecules exhibited IC50 < 4.75
and were predicted to be active. Except for A15, these
compounds have a hydroxyl group at para position
and a methoxy group on the adjacent position. Compo-
nent (1,6) corresponds to O–H bonds at para position
and adjacent to a methoxy group. It was activated by
O–H bonds from eight molecules, all of them active.

The molecules A07, A26, A40, A42, A43, and A44 pre-
dicted inactive were clustered into the dark blue neu-
rons. All the six molecules were correctly predicted as
inactive. Here, a clear common structural feature could
not be found.

All the 144 MOLMAP components were submitted to
Random Forests as molecular descriptors, and models
were developed to estimate antioxidant activity. In con-
trast to CPG NNs, no previous selection of variables
was performed, as Random Forests can safely work
with a large number of variables and have their intrinsic
variable selection approach. With the LOO procedure,
the IC50 values were predicted exhibiting q2 of 0.495
(n = 47) and RMS error of 1.324 (Table 1). The omis-
sion of A17 and A19 (squared-residual > three standard
deviations) resulted in q2 of 0.639 (n = 45) and RMS er-
ror of 1.129. The subset of molecules with squared-resid-
uals within one standard deviation yielded q2 of 0.789
(n = 42) between the predicted and experimental IC50

values (RMSE = 0.947). Although the results are quan-
titatively inferior to those obtained by the CPG NNs,
they were qualitatively reasonable, with more than
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70% of molecules correctly classified as potent, active or
inactive. Amongst the remaining 30%, the molecules
were classified in adjacent classes and only one inactive
molecule A19 was wrongly classified as potent.

Random Forests assess the importance of variables by
measuring the increase in mean standard error when a
variable is randomly permuted. The results went in line
with the interpretation of CPG NNs. Indeed, compo-
nent (3,10) of the MOLMAPs was within the 10 most
important variables (in 144), as well as two neighbours
of component (1,1)–component (2,1) was the most
important and component (2,12) was ranked as fifth.
C–O bonds from 32 molecules contributed to compo-
nent (2,1), 94% of which exhibit IC50 < 5.5. The third
most important component was activated by O–H
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by arrows.
bonds from 12 molecules, at the para position in an aro-
matic ring. Significantly, 7 of these 12 bonds also acti-
vated component (1,6) that has revealed importance
from the analysis of CPG NNs. As mentioned in the
methodology, each bond is included twice with opposite
orientations. These seven bonds activate component
(1,6) when oriented as �H–O� and activate component
(9,5) when oriented as �O–H�. The second most impor-
tant component—(9,10)—received contributions from
C–O bonds belonging to 19 molecules, 89% of which
had an IC50 < 4.8.

When ranked according to increasing IC50 values pre-
dicted by CPG NNs, the first nine molecules (A11-16,
A20, A36, and A39) possessed C–O bonds at the meta
position (adjacent to a hydroxyl group at the para posi-
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tion) and activated MOLMAP component (3,10), ex-
cept for A15 (Fig. 5). This result is in agreement with
the existing knowledge that the presence of catechol
groups contributes to high antioxidant activity.5,8,15

On the other hand, the molecules predicted inactive
had bonds activating components scattered all over the
MOLMAPs.

Curcumin (A17) was predicted active although it is po-
tent and bisdemethoxy curcumin (A19) was predicted
potent although it is inactive. These two problematic
cases can be rationalized in terms of data available for
model generation. Molecule A17 was predicted active
because molecules A18 and A22 with similar structural
features (thus activating neighbouring neurons) were ac-
tive—this is apparent in Figure 4. Compound A19
exhibits hydroxyl groups on two adjacent aromatic car-
bon atoms at para and meta positions, which was per-
ceived as a factor contributing to potent activity.
However, A19 is inactive. If an error in the experimental
data is excluded, this result points toward factors
responsible for the inhibition of the antioxidant activity
that are not encoded by the used MOLMAP descriptors.
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