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The automatic classification of chemical reactions is of high importance for the analysis of reaction databases,
reaction retrieval, reaction prediction, or synthesis planning. In this work, the classification of photochemical
reactions was investigated with no explicit assignment of the reacting centers. Classifications were explored
with Random Forests or Kohonen neural networks in three different situations, using different levels of
information: (a) pairs of reactants were classified according to the type of reaction they produce, (b) products
were classified according to the type of reaction from which they can be synthesized, and (c) reactions were
classified from the difference between the descriptors of the product and the descriptors of the reactants. In
all cases molecular maps of atom-level properties (MOLMAPs) were used as descriptors. They are generated
by a self-organizing map and encode physicochemical properties of the bonds available in a molecule.
Correct classification could be achieved for approximately 90% of the 78 reactions in an independent test
set.

INTRODUCTION

Chemical reactivity data are available with varied levels
of information content. Reactions are entered into databases
with molecular structures of reactants and products, and
reaction centers may be assigned or not. In other cases,
information is available only for the reactants and for some
properties of the reaction such as “occurs/does not occur”
or rate (important examples are databases of chemical
stability under specified storage conditions). Bonds and
atoms involved in the reaction (reaction center) may be
known or not, as well as the type of the occurring reaction.
Studies of chemical reactivity frequently use series of
reactants with a common structural motif. Data on chemical
reactivity are also implicitly included in some quantitative
structure-activity relationship (QSAR) data sets, either
because the biological activity consists of a chemical reaction
between a compound and a biological target or because the
compound undergoes metabolic activation (i.e., it suffers
chemical transformations) before producing the measured
biological activity.

Models related to chemical reactivity can be built with
different goals using different types of data, for example,
qualitative or quantitative reaction prediction from the
molecular structures of reactants, the suggestion of synthetic
methods from the structures of the products, and the
classification of reactions from the molecular structures of
reactants and products, from the molecular structures of
products and the bonds involved in the reaction, or from the
molecular structures of the reactants and the bonds involved
in the reaction.

Naturally, the desired goal and the availability of data put
requirements on the representation of structural and reaction
data and on the chosen algorithms for learning.

After a period of near inactivity, the topic of automatic
classification of chemical reactions1 is re-emerging, particu-
larly because of the current interest in metabolic reactions.2

Well-documented methods for reaction classification have
been based on (a) physicochemical properties of bonds or
atoms at the reaction center,3-6 (b) variation of physico-
chemical properties of a specific atom (e.g., oxygen atom)
attached to the reaction center,7 (c) codes of the neighbor-
hoods of the reaction center,2,8-11 and (d) fragment keys for
the reaction center and the substrates.12 These approaches
require atom mapping and the identification of the reaction
center. Some also require ranking of the bonds involved in
the reaction and a scheme to compare reactions with an
unequal number of bonds involved.6

Besides the classical approaches to computer-aided reac-
tion prediction and synthesis design,13 in which the structures
of the products are explicitly predicted from the structures
of the reactants, or vice versa, other data-driven approaches
have appeared related to the processing of chemical reactions
data where the focus is onclassification. Chen and Gasteiger
have explored Kohonen neural networks to define a space
of chemical reactions on a map, using physicochemical
properties of the reaction center as the numerical representa-
tion of the reaction.5,6,14Their work was followed by that of
Satoh et al.7 The Kohonen map allows for reaction clas-
sification, reaction prediction, and the establishment of a
reaction similarity metric. Hajduk and co-workers15 devel-
oped a filtering tool based on substructural fragments to
classify compounds as reactive or nonreactive toward the
human La antigen, a reactivity probe in the high-throughput
screening of protein targets. Satoh et al.16 proposed the FRAU
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method to numerically characterize a field around an atom
in a molecule, which is based on electrostatic and steric
interactions with a pseudoreactant. This method was applied
to the classification of reagents by self-organizing maps
(SOMs) in terms of their roles in reactions.17

Chemical reactivity, being related to the ability to make
and break bonds, is primarily determined by properties of
the bonds available in a molecule. Gasteiger et al.18 proposed
that seven empirical physicochemical properties are particu-
larly relevant for representing bonds and for modeling
chemical reactivity:σ electronegativity,π atomic charge,
total atomic charge, bond polarity, mean bond polarizability,
resonance stabilization, and bond dissociation energy. To use
all that information for an entire molecule, and at the same
time having a fixed-length representation, we propose to map
all the bonds of a molecule into a fixed-length 2D self-
organizing mapsaMOLMAP(molecular map of atom-level
properties).

A SOM must be trained beforehand with a diversity of
bonds from different structures (each bond described by the
seven bond properties). Then, all the bonds of one molecule
are submitted to the trained SOM, each bond activates one
neuron, and the pattern of activated neurons is a map of the
reactivity features of that molecule (MOLMAP)sa finger-
print of the bonds available in that structure.

The MOLMAP descriptors can be directly used for data
mining or 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 single structure, or
unknown reaction sites. The first part of this paper illustrates
such an approach with the application of MOLMAP descrip-
tors of reactants, or of products, to reaction prediction using
a data set of 356 photochemical reactions classified into
seven types. Random Forests (RFs) were trained on the basis
of the MOLMAPs of the reactants, or of the products, to
predict the type of the occurring reaction.

A method somewhat related to the MOLMAP method is
the comparative molecular surface analysis19 that maps points
of the molecular surface into a self-organizing map, assigns
numbers to the neurons according to the electrostatic potential
of the points, and compares the maps of different molecules.20

Points of the molecular surfaces are submitted to the SOM
in the form of 3D Cartesian coordinates, which requires
alignment of the 3D models, or of the maps, before
comparison.

In the course of our studies with MOLMAPs, it was
recognized that the difference between the MOLMAPs of
the products of a reaction and the MOLMAPs of the reactants
of the same reaction could be interpreted as a MOLMAPof
the reaction. The MOLMAP of a molecule is the pattern of
neurons that are activated by the bonds existing in that
molecule. Bonds far apart from the reacting center are mostly
unchanged during the reaction, exhibiting the same physi-
cochemical properties and, thus, activating the same position
(neuron) of the MOLMAP both in the reactants and in the
products. Therefore, the difference map (MOLMAP of the
reaction) gets a zero value at that neuron. The pattern of
neurons in the MOLMAP of the reaction with nonzero values
relates to the bonds of the reactants that break or change
properties and to the bonds of the products that are made or
changed in the reaction. The former lead to negative values,
while the latter lead to positive values. In this way, a

representation of the reaction is achievedwithout preVious
assignment of the reaction center. The idea of subtracting a
matrix of the products from a matrix of the reactants to define
a matrix of the reaction was proposed by Dugundji and Ugi
in the mid-1970s.21 However, Ugi reaction matrices are
fundamentally different in several aspects, namely, in their
connectivity matrix essence, their requirement of atom-to-
atom mapping, and their variable size depending on the
number of atoms in the molecules.

In the second part of this paper, the photochemical
reactions in our data set were encoded with the MOLMAPs
of the reactions. The ability of this code to classify reactions
was assessed by an unsupervised machine-learning method
(Kohonen self-organizing map) as well as a supervised
method (Random Forests).

METHODOLOGY

The experiments here described required two major steps,
the generation of the descriptors (molecular and reaction
descriptors) and the development of predictive models.
Generation of the descriptors, the so-called MOLMAPs, was
based on a Kohonen SOM.22 For training this map, each
object of the training set is a chemical bond, represented by
seven empirical physicochemical properties. This training set
comprises bonds from a diversity of structures. Once trained,
the map is used to obtain molecular descriptors; all the bonds
of one molecule are submitted to the map, and the resulting
pattern of activated neurons (the MOLMAP) is the descriptor
of the molecule. The second step consists of establishing
relationships between MOLMAPs and reactivity properties
(class of reaction). Models were developed to (a) predict
which type of reaction takes place from the MOLMAPs of
the reactants, (b) predict which type of reaction should take
place from the MOLMAPs of the product, and (c) classify
a reaction from the MOLMAPs of its reactants and product.
The second step is independent of the first, even if, in one
case, Kohonen self-organizing maps were also used for the
second step. It must be emphasized that, in that case, while
in the first step each object is a bond, in the second step
each object is a reaction.

Data Set. A set of 356 reactions, tagged as involving
“irradiation” and consisting of two reactants and one pro-
duct, was extracted from the SPRESI database (InfoChem
GmbH, Munich, Germany). Reactions differing only in
stereochemical features were considered as duplicates and
were included only once. The reactions were manually
classified into seven types: [3+2] photocycloaddition of
azirines to CdC (18 reactions, class A), [2+2] photo-
cycloaddition of CdC to CdO (37 reactions, class B), [2+2]
photocycloaddition of CdN to CdC (13 reactions, class C),
[4+2] and [4+4] photocycloaddition of olefins to carbon-
only aromatic rings (20 reactions, class D), [2+2] photo-
cycloaddition of CdC to CdC (78 reactions, class E), [2+2]
photocycloaddition of CdC to CdS (27 reactions, class F),
and a seventh group with the remaining reactions (163
reactions, class G). Scheme 1 shows the first six types of
reactions. The data set was divided into a training set
consisting of 278 reactions (14 of type A, 28 of type B, 10
of type C, 16 of type D, 62 of type E, 22 of type F, and 126
of type G) and a test set with 78 reactions (4 of type A, 9 of
type B, 3 of type C, 4 of type D, 16 of type E, 5 of type F,
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and 37 of type G). This partition was done randomly, but it
was assured that both sets cover the whole diversity space
of the reactions data set.

Training of a Kohonen Self-Organizing Map with
Bonds. Kohonen SOMs can be used for the reduction of
multidimensional objects to 2D. In this study, we used a
SOM to reduce to 2D the dimension of chemical bonds,
represented by seven bond properties calculated by PETRA
3.20:23 resonance stabilization, the difference between theσ
electronegativity of the two atoms, the difference between
the total charge of the two atoms, the difference between
theπ charge of the two atoms, the mean bond polarizability,
bond dissociation energy, and the sum ofσ charges shifted
over all iterations.24,25 As some properties depend on the
orientation of the bond, each bond was represented twice
(as A-B and B-A). For all the properties to be equally
important, each of them wasz-normalized on the basis of
the whole data set.

SOMs learn by unsupervised training, revealing similarities
between objects (bonds). A Kohonen SOM consists of a grid
of so-called neurons, each containing as many elements
(weights) as the number of input variables. Here, the input
variables are the seven properties of bonds (Figure 1). Before
the training starts, the weights take random values. During
the training, each individual bond is mapped into the neuron
that contains the most similar weights compared to its
properties. This is the central neuron, or winning neuron. It
is said that the winning neuron isexcitedby the bond, and
its weights are then adjusted to make them even more similar
to the properties of the presented bond. Not only does the
winning neuron have its weights adjusted but also the neurons
in its neighborhood. The extent of adjustment depends,
however, on the topological distance to the winning neu-
ron: the closer a neuron is to the winning neuron, the larger
is the adjustment of its weights. The objects of the training
set are iteratively fed to the map, the weights corrected, and
the training is stopped when a predefined number of cycles
is attained. A trained Kohonen SOM reveals 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.

SOMs of sizes 12× 12 or 15× 15 were trained with a
random subset of 4999 bonds extracted from the reactions
data set. SOMs were implemented with in-house-developed
software based on JATOON Java applets.26,27 Figure 2
illustrates the activation of neurons in a trained map by
carbon-halogen bonds, CtC bonds, and CdO bonds,
showing how different regions of the surface are activated
by different types of bonds.

Molecular Descriptors (Molecular MOLMAPs). A
representation of the set of bonds existing in a molecule can
be obtained by mapping the bonds of that molecule on the
SOM previously trained with a diversity of bonds. The
pattern of activated neurons can be interpreted as a fingerprint
of the available bonds in the molecule, 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
transformed into a vector by concatenation of the columns.
To account for the relationship between the similarity of
bonds and proximity in the map, a value of 0.3 was added
to each neuron multiplied by the number of times a neighbor

Scheme 1.Summary of Reaction Types A-F

Figure 1. Representation of a Kohonen SOM for processing
chemical bonds. Every small box of the block represents a weight.
The Kohonen SOM is trained by the iterative presentation of objects
(bonds described by seven properties).

Figure 2. Representation of the neurons in the SOM activated by
CdO, CtC, and C-Cl bonds.
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was activated by a bond. If an empty neuron is a direct
neighbor of more than one activated neuron, its value is the
sum of the contributions from each activated neuron. Figure
3 illustrates the generation of the MOLMAP for a molecule.

Reaction Descriptors (Reaction MOLMAPs).A chemi-
cal reaction is defined by the changes operated in the
chemical bonds of the reactants, leading to the formation of
the products. These changes can be represented by the
difference between the MOLMAPs of the products and the
MOLMAPs of the reactants. Here, we propose to represent
a chemical reaction by this difference. If the reaction involves
more than one reactant, the MOLMAPs of all the reactants
must be overlapped and numerically summed, and if the
reaction results in more than one molecule, the MOLMAPs
of the products must be processed in the same way. The
MOLMAP of the reactionis obtained by subtracting the
MOLMAP of the reactants from the MOLMAP of products.
A step-by-step illustration of the procedure is provided as
Supporting Information.

Random Forests.28,29 A Random Forest is an ensemble
of unpruned classification 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
nonparametric method that works well on large numbers of
variables. A prediction is made by majority vote of the
individual trees. It has been shown that the method is
extremely accurate in a variety of applications.29 Addition-
ally, the performance is internally assessed with the predic-
tion error for the objects left out in the bootstrap procedure.
The method quantifies the importance of a variable by the
increase in misclassification occurring when the values of
the variable are randomly permuted. In this study, RFs were
grown with the R program, version 2.0.1,30 using the
randomForest library.31 They were used to predict the class
of the reaction from the MOLMAP of the reactants, to
suggest a class of reaction leading to a product represented
by its MOLMAP, and to classify the reaction from the
reaction MOLMAP.

Reaction Prediction from the Structures of the Reac-
tants. MOLMAP descriptors were calculated for all the
reactants of the reaction data set. As all the reactions in this

study have two reactants, the MOLMAPs of the two reactants
were summed. RFs were grown with a training set consisting
of the MOLMAPs of the reactants as the independent
variables and the manually assigned class of the reaction as
the dependent variable. In these experiments, no information
was used concerning bonds or atoms involved in the reaction
or the structure of the resulting products. Among the 356
reactions, some reactions have the same two reactants and
belong to the same class but the products are different. When
only the MOLMAPs of the reactants are used, such objects
are exactly the same, and only one is kept. After this filtering,
333 reactions were left. The training set was composed of
260 reactions, and the test set consisted of 73 reactions. The
number of trees in a RF was set to 1000, and MOLMAPs of
dimensions 12× 12 and 15× 15 were tested.

Reaction Suggestion from the Structure of the Product.
MOLMAP descriptors were calculated for all the products
of the reaction data set. RFs were grown with a training set
consisting of the MOLMAPs of the products as the inde-
pendent variables and the manually assigned class of the
reaction as the dependent variable. In these experiments, no
information was used concerning the bonds or atoms
involved in the reaction or the structure of the reactants.
MOLMAPs of dimensions 12× 12 and 15× 15 were tested.

Reaction Classification from the Structures of the
Reactants and Product.The molecular structures of the
products and the reactants were encoded by their MOLMAPs,
and each reaction was encoded by the difference between
the MOLMAP of the product and the MOLMAP of the
reactants. Two machine learning techniques, RFs and SOMs,
were used to classify reactions on the basis of their
MOLMAPs. While SOMs are trained with unsupervised
learning, RFs are trained with supervised learning.

Kohonen SOMs were trained as described above, but now
using reactions as the objects, described by their MOLMAPs.
After the training, the whole training set was mapped on
the surface, and each neuron was assigned to a class of
reactions depending on the majority of reactions that
activated the neuron. When a majority could not be obtained,
the neuron was classified as undecided. To overcome
fluctuations induced by the random factors influencing the

Figure 3. Generation of the MOLMAP descriptor for a simple molecule. (a) Submission of bonds to a previously trained SOM. (b)
Numerical processing of the pattern of activated neurons.
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training, five independent SOMs were trained, generating
an ensemble of SOMs. Predictions were obtained by majority
vote of the individual maps.

RFs were grown with a training set consisting of the
MOLMAPs of the reactions as the independent variables and
the manually assigned class of the reaction as the dependent
variable. In these experiments, no information was used
concerning the assignment of reacting centers (bonds or
atoms involved in the reaction) or atom-to-atom mapping.

RESULTS AND DISCUSSION

Reaction Prediction from the Structures of the Reac-
tants. The results obtained by the RFs with MOLMAPs of
varying sizes are shown in Table 1. The results obtained in
internal cross-validation tests with the training set are
consistent with those obtained for the external test set. The
internal cross-validation relies on the bootstrap procedure
employed by the RFs. Each tree is grown with only a subset
of objects, and predictions are obtained for the objects left
out. The global result for objects left out by the 1000 trees
is used for assessing the quality of the trained forestsout-
of-bag (OOB) error estimation. A higher resolution of the
MOLMAP only slightly improved the classifications.

As class G is over-represented, and many erroneous
predictions are false G predictions, it was decided to balance
the data set by including classes A-F twice. An increased
number of correct predictions for the test set could thus be
achieved.

These are good results, particularly considering the limita-
tions inherent to this approach, to the data set, and to the
exclusive use of empirical calculated physicochemical prop-
erties. Two reactants can, in principle, react in several
different ways depending on the experimental conditions.
Because all the reactions in our data set are promoted by
irradiation, we assumed that some homogenization of the
experimental conditions was in place and that the same
functional groups in the reactants generally yield the same
class of reaction. However, this is not always true. The data
set includes distinct reactions where the same functional
groups react in different ways. This occurs as a result of the
inclusion of different specific reaction conditions and also
the inclusion of both main reactions and side reactions. We
found the extreme situation in two cases where the same
reactants give rise to different reactions of different classes
(reactions D1, E1, G1, B2, and D2; Scheme 2). Such cases
obviously create noise in the model and limit the quality of
the predictions. Reactions D1, E1, and D2 were in the

training set, while reactions G1 and B2 were in the test set.
Removal of these cases from the test set naturally improved
the percentage of correct predictions (Table 1). It is noted
that the data set in this study specifies that a certain pair of
reactants react in a certain way, but there is no information
guaranteeing that a certain class of reaction cannot occur
for that pair of reactants.

The confusion matrix for the test set (without reactions
G1 and B2) using a code length of 225 and classes A-F
repeated is shown in Table 2. Classes D and F gave the
largest errors, and these are significantly the least represented
classes.

The voting system of the forest enables the association of
a probability to each prediction. This is the proportion of
votes obtained by the winning class and by the other classes.
We observed that 52 out of 73 reactions of the test set were
predicted with a probability higher than 0.5. Only 3 of these
52 reactions were wrongly predicted; one is reaction B2. The
other two belong to class G but were predicted as class F.
Both of them comprise CdS bonds in the reactants and are
cycloaddtitions of CdS to CtC groups.

Inspection of the importances determined by the RFs for
each variable and for each class revealed that no single
variable (or group of variables) has a far higher importance
than the others. This suggests that the model is based mostly
on the cooperative contribution of many variables. However,

Table 1. Random Forest Prediction of Reaction Class from the
MOLMAPs of the Reactants

% correct predictions

code length training seta test setb

144 (12× 12 MOLMAPs) 80 82
225 (15× 15 MOLMAPs) 82 82
144 (12× 12 MOLMAPs;

classes A-F repeated)
85 (87)

225 (15× 15 MOLMAPs;
classes A-F repeated)

88 (90)

a Internal cross-validation obtained by out-of-bag (OOB) estimation.
b Within the parentheses are the results excluding the two reactions
having the same reactants but belonging to different classes.

Scheme 2.Two Cases in Which the Same Two Reactants Produce
Different Types of Reactions

Table 2. Confusion Matrix for the Predictions of Reaction Type
from the 15× 15 MOLMAPs of the Reactants Obtained by a
Random Forest for the Test Set

A B C D E F G class error

A 4 0%
B 8 0%
C 2 0%
D 3 1 25%
E 13 2 13%
F 4 1 20%
G 1 2 30 9%

STRUCTURE-BASED CLASSIFICATION OF CHEMICAL REACTIONS J. Chem. Inf. Model., Vol. 45, No. 6, 20051779



some expected observations could be made concerning the
highest ranked variables. For example, the three most
important variables for class C (photocycloaddition of CdN
to CdC) are related to MOLMAP neurons occupied by Cd
N and CdC bonds, Figure 4. Similar results were observed
for class F (photocycloaddition of CdC to CdS), Figure 5.

Suggestion of Reaction Type Leading to the Structure
of the Product. Several synthetic strategies are usually
possible for a given molecule. However, in the data set of
reactions used in this study, the substructure produced by

each of the seven classes of reactions is unique and does
not appear in the structure of products belonging to other
classes for 99% of the cases. It is, therefore, reasonable to
classify a product according to the type of reaction from
which it can be synthesized. The RF trained with the
MOLMAPs of the products as the independent variable, and
the assigned class of the reaction as the dependent variable,
gave predictions consistent with the manually assigned class
for 88% and 91% of the test set, respectively, using
MOLMAPs of dimensions 12× 12 and 15× 15. Internal
cross-validation for the training set gave 80% and 83% of
consistent predictions, for the two dimensions of MOLMAPs,
respectively. The training set of 278 reactions and the test
set of 78 reactions were used. The confusion matrix for the
test set using a code length of 225 is shown in Table 3.
Again, the least represented classes, D and F, gave the largest
errors. Probabilities of the predictions gave a robust indica-
tion of the consistency with the assigned classes. For the 58
predictions (out of 78) obtained with a probability above 0.5,
consistent classification was obtained for 98% of the cases.

The results obtained for the prediction of a reaction from
the structures of the reactants, and for the suggestion of
reaction type from the structure of the product, demonstrate
the ability of the MOLMAPs-RF system to learn the
reactivity behavior of chemical compounds described in a
database of experimental examples. It is emphasized that this
approach does not explicitly encode substructures.

Classification of Reactions from the Structures of
Reactants and Product.In the experiments described up
to here, information was used that was about only one side
of the reaction equation (either the reactants side or the
product side) and the class of the reaction. RFs were trained
to establish relationships between the molecular descriptors
of the reactants (or product) and the type of reaction to which
they are related. Now, we describe experiments that use
information about both sides of the reaction equation
(differences between the structures of the reactants and the
product) and the class of the reaction. In this case, we decided
to investigate classification by an unsupervised method, in
addition to a supervised method, as every component of the
reaction descriptor (reaction MOLMAP) describes a change
between the structures of the product and reactants, thus,
containing potentially useful information about the reac-
tion.

Reaction MOLMAPs for the 278 reactions of the training
set were used to train a 17× 17 Kohonen SOM. After the
training, the neurons were assigned classes according to the
reactions that activate them, and these assigned classes are
used to make predictions for new reactions when they are
submitted to the SOM. During the training, the information

Figure 4. Representation of the three most important components
of the MOLMAP for class C (colored in gray) and their neighbors
related to CdC and CdN bonds.

Figure 5. Representation of the three most important components
of the MOLMAP for class F (colored in gray) and their neighbors
related to CdC and CdS bonds.

Table 3. Confusion Matrix for the Suggestion of Reaction Type
from the 15× 15 MOLMAPs of the Products Obtained by a
Random Forest for the Test Set

A B C D E F G class error

A 4 0%
B 8 1 11%
C 3 0%
D 3 1 25%
E 1 13 2 19%
F 4 1 20%
G 1 36 3%
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concerning classes is not used; that is, the reactions are
mapped into neurons exclusively on the basis of their
MOLMAP descriptorssunsupervised learning. To reduce the
impact of fluctuations derived from the random values of
the weights at the outset of the training, five SOMs were
trained independently, and predictions were obtained by
majority voting.

Results obtained with MOLMAPs of dimensions 12× 12
and 15× 15 are displayed in Table 4. The results show that
the reaction MOLMAPs allow for the definition of a reaction
space with a topology related to the proposed classes of the
reactions. The advantage of using an ensemble of five SOMs
is apparent: no single SOM gave better results than the
ensemble. The confusion matrix for the test set in the
experiment with MOLMAPs of dimension 15× 15 is shown
in Table 5. A reaction is considered undecided if no class
obtained more votes than any of the others. After removing
class G from the training and test sets, an ensemble of five
13 × 13 Kohonen SOMs correctly classified 90% of the
reactions (represented by MOLMAPs of dimension 15×
15) in the test set, which indicates that class G does not create
significant noise in the model.

The surface of a 13× 13 Kohonen SOM is displayed in
Figure 6, with neurons colored according to the classes of
the reactions in the training set mapped onto them. It reveals
good clustering by the class of reaction. The reactions of
the test set were mapped onto the trained SOM and are
represented by the labels of their classes. The surface has a
toroidal topology, implying that neurons at the top row are
neighbors of neurons at the bottom row, and neurons at the
left column are neighbors of those at the right column. A
trend is observable for classes to occupy a homogeneous
region. Class D (cycloadditions of olefins to aromatic rings)
presents two clusters corresponding to two types of aromatic
compounds; in the small cluster, the aromatic substrates are
phthalic acid derivatives. The two classes D and E, with only
carbon atoms at the reacting center, were mapped in the
vicinity of each other. Class C (cycloaddition of CdC to
CdN) also occupies two distinct regions, one corresponding
to substrates with the nitrogen atom of the reacting center
bonded to another nitrogen atom and the other with the

nitrogen atom bonded to an oxygen atom. Class F is the less-
clustered class, with one large cluster and two distant
individual neurons, one of them separated from the cluster
by undecided neurons and the other corresponding to
reactions involving a common substrate. Class F is the class
with the worst predictions in Table 5. Five reactions of the
test set were wrongly classified by this SOMsone reaction
from classes A, B, C, E, and F. It can be seen that the
wrongly classified reactions of classes A, C, and E activated
neurons that are neighbors of the true regions for their classes.
The wrongly classified case of class B corresponds to
reaction B2 in Scheme 2. It activated a position that is in
the neighborhood of the neuron activated by reaction D2 and
by other [4+2] cycloadditions of cyclohexene to phthalic
acid derivatives. It is also in the neighborhood of two
undecided neurons and two neurons away from its true
region.

The results indicate that the MOLMAPs of the reactions
are influenced by relatively large substructures of the
substrates around the reaction center. This was confirmed
by the observation that unsupervised learning (ensemble of
SOMs) with the MOLMAPs of thereactantsproduced a
reasonable percentage of correct predictions for the test set
(63%). This is, however, significantly inferior to the perfor-
mance of the MOLMAPs of thereactions (86%), which
shows that the MOLMAPs of the reactions focus, indeed,
on the structural changes resulting from the reaction.

After the results with unsupervised learning revealed a
natural relationship between reaction MOLMAPs and reac-
tion classes, it was investigated if a supervised method could
refine the classification accuracy. The results obtained by
RFs for the classification of reactions from their MOLMAPs

Table 4. Classification of Reactions by Kohonen SOMs from the
MOLMAPs of the Reactions

% correct predictionsa

code length training set test set

144 (12× 12 MOLMAPs) 96 (88, 85, 92, 89, 87) 83 (71, 62, 71, 77, 72)
225 (15× 15 MOLMAPs) 97 (89, 86, 86, 90, 91) 86 (71, 73, 73, 72, 73)

a Within the parentheses are the results for the five individual SOMs
of the ensemble.

Table 5. Confusion Matrix for the Classification of Reactions from
the 15× 15 Reaction MOLMAPs Obtained by an Ensemble of Five
SOMs for the Test Set

A B C D E F G undecided class error

A 4 0%
B 7 1 1 22%
C 3 0%
D 4 0%
E 1 1 12 2 25%
F 1 3 1 40%
G 1 1 1 34 8%

Figure 6. Toroidal surface of a SOM trained with MOLMAPs of
reactions belonging to classes A-F. After the training, each neuron
was colored according to the reactions in the training set that were
mapped onto it. If a neuron was not activated by any reaction, it
was classified according to the class of its neighbors by majority
voting. Colors were defined in Scheme 1. The reactions of the test
set were mapped onto the trained SOM and are represented by the
label of their classes. Neurons with undecided assignments were
colored in black.
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are presented in Tables 6 and 7. The accuracy of classifica-
tions was enhanced comparing to the unsupervised method.
An analysis of the probabilities associated with the predic-
tions showed that 60 out of the 78 reactions of the test set
obtained a probability above 0.5, and only two reactions were
wrongly predicted among these. Class F was, again, the most
problematic class.

CONCLUSION

Three types of problems related to the classification of
chemical reactions were approached using MOLMAP de-
scriptors of bond physicochemical features: the prediction
of the class of reaction could be achieved from the MOL-
MAPs of the reactants, meaningful suggestions of a reaction
type leading to a given product could be achieved from the
MOLMAP of the product, and the difference between the
MOLMAPs of the product and reactants could be used to
classify the reaction exclusively on the basis of physico-
chemical properties, and with no assignment of the reaction
center. The MOLMAPs of reactions were influenced not only
by the bonds of the reaction center but also by other bonds
of the substrates, around the reaction center. The methods
here presented have potential applications in automatic
reaction prediction systems, computer-aided synthesis design,
and particularly in the analysis and data mining of databases
of chemical reactions. The encoding of chemical reactions
by the difference of products’ descriptors and reactants’
descriptors opens the way to many possibilities far beyond
the use of MOLMAP descriptors. It allows for an easy
exploration of reaction databases making use of a large
diversity of molecular representations.
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