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ARTIFICIAL NEURAL NETWORKS APPLICATIONS.
PART 1

ESTIMATION OF THE TOTAL z-ELECTRON ENERGY
OF BENZGNOID HYDROCARBONS
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An approximate method that allows effcicnt calculation of the total m-electron
energy (En) of benzenoid hydrocarbonsi(BH) is presented. Artificial neural net-
works (ANN) are used for modeling the relationship between topolegical features
of BH and E. The ANN was trained by a test calculation on 265 benzenoid hydro-
carbons with up to 7 benzenoid rings. Numerical calculations demonstrate effee-
tiveness of the present approach. It is found that E. is well approximated by
only two topological features : the number of carbon atoms (N) and the number
of Kekulé structures (K).

INTRODUCTION

The Hiickel total n-electron energy (E,) is one of the most important
topological properties of conjugated molecules. A great part of the work
toward elueidation of the stability of conjugated alternant moleculex on
the ground of chemical topology has been devoted to the derivation and
numerical verification of variout approximate formulae that cxpress
E, as a function of carbon atoms (N), carbon-carbon bonds (M) and Kekulé
structures (K).

Such an approximation to E. for benzenoid hydrocarbon: ( BH)
was derived by Cioslowski! (equation (1)), enabling one to partition E,
into a term corresponding to the energy duc to formation of carbon-carbon
bonds, and a second term due to cyclic conjugation represented by K.
Other mathematical models for E; have been reported. 2-*

E. ~ 0.79848 (2MN)/2 -+ 0.13853 N K=2/¥ (1)

The goal of the present study is to investigate the applicability of
artificial neural networks (ANN), a methodology of nonlinear modeling,
to express the relationship between topological features of BH (N, M,
and K) and E. calculated within the framework of thesimple tight-bin-
ding Hiickel MO model.
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The advantage gained through the use of ANN is due to the unique
capacity of ANN both to learn the underlying rules inherent in a training
set of data and to generalize using those rules to a new set of data. 9-15
Recent research efforts have focused on exploring the use of neural net-
works for predicting !3C-NMR chemical shifts, estimating aqueous solu-
bilities, classifying mass spectra, identifying IH-NMR-spectra, modeling
structure-activity relationships.

Artificial neural networks are tipically composed of interconnected
units, which serve as-model neurons. The function of the synapse is mo-
deled by a modifiable weight, which is associated with each connection.

The commonest type of ANN consists of three layers of units : a
layer of input units is connected to a layer of hidden units, which is con-
nected to a layer of output units. This type of ANN is termed a multi-layer
perceptron (MLP) network. The activity of the:input units represents the
raw information that is fed into the network. The activity of each hidden
unit is determined by the activities of the input units and the weights on
the connections between the input and hidden units. Similarly, the Dbe-
haviour of the output units depends on the activity of the hidden units
and the weights between the hidden and output units.

Learning is the way a network builds an internal representation of
its environment. This environment consists of a set ‘of training patterns,
in our éase the set of BH characterized by their topological features and
B,.. The. functionality of the network _depends.on the learning. rule -and
architeeture. . - oo s R SRR

During’ the* learning phase, the connection weights are adjusted
step-by-step, leading to correlations building up. between input data and
the corresponding target data. The network’s knowledge is distributed
among all network connections.

 RESULTS AND DISCUSSION

A major problem with multilayer ANN is determining how many
hidden layer neurons should be for a given application. The number can
yary widely and depends on such factors as the correlation ‘structure
between dependent and independent variables and their number, as well
as the number of patterns in the training set. If too few hidden neurons
are included then the network will not train very well and may not be able
to provide a very satisfactory input-output mapping. However, if too
many neurons are used, in addition to the extra time it will take _'1_:0 train,
the final network will have a tendency to memorise the training data.

The ANN used in the present study was a MLP with three layers,
trained with the backpropagation algorithm; the transfer function was
the hyperbolic tangent, which was found to perform better than the usual
sigmoid function. Other specifications for the networks used in simulations
are presented in Table 1. | |
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Tebie 1

' Artificial neural network specifications’

Type of neural network o Multi-layer perceptron
Learning algorithm Backpropagatlon
Bias neuron - : ' f ' Yes
Learning set presentatlon ' Random
Learning rate : ; 0.01
Momentum P ' 0.8
Transfer function _ .; Tanh. i
No. input ‘neurons | .. : 3 (NN1)/2 (N\T2)
No. hidden neurons @ ;. : varlable ;
No. output neurons . - 1. |
Input scaling (min/max) —-0.9/0.9
Output scaling (min/max) —0.9/0.9

. Initial weights scaling (min/max) —0.1/0.1

The quality of ANN output was assessed by three statistical varia~
bles : the mean square error (MSE) in scaled units, and the standard de-
viation s and the correlation coefficient r of the linear correlation between

B guo a0d E, «ny of the type E; 0= a-+Db E,, ANN MSE is defmed‘
by the followmg expressmn

Z(Yobseryea — ypredlcted)2
P-O

where P is the number of patterns in the test set and O is the number of
neurons in the output layer. High-quality ANN predictions should have
MSE-and s close to zero, and r close to unity.

Besides these three statistical 1nd1ces, we will use AE,. .., defined as
AEg sy = ¥ |Ep axx — Br muol/P, and AE; pmy, the greatest difference
between E,.xx and E; gy for the whole set of P patterns.

The number of nodes in the hidden layer was selected on the basis
of empirical trials, in which ANN with different number of hidden neurons
are trained to predlct the X, for BH.

The training was done by presenting the three selected topological
features (N, M and K) for a set of 265 BH, containing all BH with 2 ben-
zenoid rings (naphthalene) up to BH with 7 benzenoid rings, forming the
training set TS1. The set of BH was presented randomly, each example
being presented the same number of times. Five ANN were generated,
with the number of hidden neurons between 1 and 5. The training was
terminated after 5000 complete cycles, and the results cbtained in the
evaluation of B, are presented in Table 2.

It can be seen from Table 2 that the networks give almest identical
results in terms of MSE, r and s for all hidder. layer sizes beitween 3 2xd b
neurons. The performance of these networks begins to declite as the hid-
den layer size is reduced to 2 neurons.
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Table 2

Statistical results in estimating Ey for benzenoid hydrocarbons
with the network NN1 trained for 5000 cycles with the training

set T'S1
N";lg‘fu‘;‘ndsden MSE +106 s r AEr av | AEx max
1 120.56 | 0.493 | 0.9045 | 0.419 | 5.087
2 4.67| 0410 | 0.9997 { 0.068 | 1.036
3 3.48 | 0.091 | 0.9998 { 0.066 | 0.851
4 3.97| 0.092 | 0.9998| 0.060 | 0.831
5 3.14 | 0.080 | 0.9908 | 0.061 | 0.811

On the other hand, although AE.,, is small, in all cases thelargest
error (AE, my) is exhibited by naphthalene, the only BH with 2benze-
noid rings. This situation happens when a pattern is not well represented
in the training set and the solution is to presentthat pattern to the net-
work more than one time in a cycle. - '

- -In a second trial naphthalene was presented for five times in the
training set, making a total of 269 patterns and representing the training
set TS2. Again five ANN with 1 to 3 hidden neurons were trained for
5000 cveles ; the results of the simulations are presented in Table 3.

Table 3 -
Statistical results in estimating Ep for benzenoid hydrocarbons
with the network NN1 trained for 5000 cycles with the training

set TS2
No. of hidden ..
neur];ns MSE -10° 5 r AE; av | AEgmax
1 134 .36 0.580 0.9924 0.498 3.120
2 5.71 0.120 0 .9996 0.081 —-0.777
3 1.72 0.064 0.9999 0.050 —0.449
4 2 .54 0.079 0.9999 0.053 —0.503
5 2.21 0.073 0.9999 0.057 —0.541

As one expects from the resulfs in the first trial, for 3 to 5 neurons
in the hidden layer there is a dramatic improvement in the E. predicted
by the ANN. Although in this case the E; of naphthalene is well reprodu-
ced, the largest deviation is exhibited by the two BH with three benze-
noid rings : anthracene and phenathrene. Due to this situation, in a third
trial the first three BH were presented more than one time : three times
for naphthalene, and two times anthracene and phenanthrene, forming
the training set TS3 with 269 patterns. A set of five ANN were trained
for 5000 cycles and the corresponding results are presented in Table 4.
Tho general statistics are not very different from thosereported in Table 3,
but the B, for the first three BH is well predicted. Due to this situation,
this kind of training set was used in the subsequent computations.
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Table 4

Statistical results in festimating Er for benzenoid hydrocarbons with
the network NN1 trained for 5000 cycles with the training set TS3

o, of hi
N neur]i)lndsden MSE -10° 8 r AEr v | AExn max
1 121 .28 0.541 0.9934 0 .464 3.746
2 5.39 0.110 0.9997 0.082 0.699
3 1.47 0.060 0.9999 0.047 —0.315
4 2 .58 0.075 0.9999 0.054 0 .396
5 2.10 0.072 0.9999 0.059 —0.393

The results in Table 4 indicate that 3 nodes in the hidden layer is
a reasonable number to use; using more units does not improve the result
significantly.

A network (denoted by NN1), with 3 hidden neurons was trained
for a period of 100000 cycles, when there was no further decrease in overall
error. The MSE decreased to 0.411 - 10-5 and the correlation between the
HMO E, and NN1 E_is given by the equation :

B meo = 0.030742 + 0.999026 B yx; (2)
n =265 s =0.0315 r = 0.099978

which shows the excellent prediction obtained with the ANN.
For comparison, a similar correlation between HMO E. and Eg.
computed by equation (1) gives the following equation :

B, muo = 0106235 + 0.998033 B, oy, (3)
n — 263 s = 0.0458 r = 0.999953

with stabistical indices somewhat lower than in equation (2). The major
difference between the two methods to estimate the E. is that the first
one uses a well defined funection to fit the data, while the neural network
performs a model-free mapping of the topological features of BH to pre-
dict the E;.

Table 5 presents the topological invariants, the HMO E,, the NN1
predicted E, and the error for six BH depicted in Fig. 1. The results in-
dicate that the network NN1 predicts the E; of BH with very high pre-
cision, on the basis of very simple topological invariants : N, M and K.

Although it is generally considered that all three topological cha-
racteristics (N, M and K) are needed in order to predict the E,. of BH,
we tested the situation in which only two such invariants were used as
independent variables. ,

A set of three layer ANN weresimulated, with two input neurons
representing either the pair of variables (N, K) or (M, K), and one output
unit representing E.. The number of hidden neurons was set between 1
and 8, and the training was performed for 5000 cycles. The results of
these simulations, reported in Table 6, show that the ANN with input
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Table 5

Topological invariants, HMD E;,NN1 Epand the error in predicting
E, with the network NN1 for the six benzenoid hydrocarbons in Fig.1

‘Benzenoid
hYdrocarbon N M K Erawo | Ex xm AER
1 26 31 16 36.5169 | 36.5131 | —0.0038
2 30 36 25 42 .2538 | 42 .2606 0.0070
3 30 36 30 | 42.3594 | 42.3595 0.0001
4 30 36 34 | 42.4370 | 42.4364 | —0.0006
5 30 36 34 42 .4367 | 42.4364 | —0.0003
6 28 34 21 39 .6901 | 39.6906 0 .0005

8AE » = Ex 31 — Ex mNMO

Fig. 1. — Benzenoid hydrocarbons whose topological features, E.amo
and E, yx; are presented in Table 5.

parameters (N, K) performs better than the ANN with independent varia-

bles (M, K). Also, from the same table one can conclude that when the
number of hidden neurons is increased to 3 there is a dramatic impro-
vement in the prediction of E,, with little variation for higher number of

hidden neurons.
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Table 6

Statistical results in estimating E, for benzenoid
hydrocarbons with the network NN2 trained for 5000
cycles with the training set TS3

Input data

No. of

hidden N, K M, K

neurons yop .104 s MSE -10¢ s
1 35.594 | 0.662 63.847 | 0.669
2 1.300 | 0.168 5.684 | 0.279
3 1.256 | 0.156 5.434 | 0.281
4 1.209 | 0.156 5.262 | 0.278
5 1.284 | 0.155 4.932| 0.271
6 1.301 | 0.156 5.156 | 0.277
7 1.347 | 0.158 5.137 | 0.276
8 1.302 | 0.156 4.938 { 0.272

Following this finding, an ANN with 3 hidden neurons was chosen
as the one that gave the best balance between fitting the training data and
a small number of adjustable parameters. The two input neurons are one
for the number of carbon atoms N, and the other one for the number of
Kekulé structures K. This ANN, denoted NN2, was trained for 100000
cycles, when there was no further improvement in the prediction of Ej.
The final MSE was 4.533 - 10-5, and the correlation between the E.gwmo
and E.xxs is given by the equation : - ‘

Eﬂ HMO — 0-000876 + 0.999939 Eﬂ NN2 (4)
- n =265 s =0.1085 1 = 0.999735

This equation reflects the fact that only two topological invariants,
N and K, give a very good estimation of E; when used in a neural network
model.

The standard deviation of equation (4) is greater than in equation
(2). This fact is a consequence of the fact that NN2 has only 13 connec-
tions (adjustable parameters), while NN1 has 16 connections. Of course,
the prediction of NN2 model could be improved by using a higher number
of hidden neurons, but in this study we intended to maintain the size
of the network as small as possible.

There are two advantages of adopting networks with a small num-
ber of hidden units. Firstly, the efficiency of each node increases and
consequently the time of the computer simulation is significantly reduced.
Secondly, and more importantly, the network can generalize the input
patterns better, and this results in superior predictive power. On the
other hand, an ANN with insufficient hidden units will not be able to ex-
tract all the rellevant correlations between topological descriptors of BH
and E..

The T1.20 O (Leave—20%—Out of data) cross-validation wasapplied
in order to test the prediction ability of the ANN. The best results
for the prediection were obtained by the (N, M, K) network, with
r=0.9984 and $=0.270, while for the (N, K) network we obtained






