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The bioconcentration factors in fish for 51 organic nonelectrolytes are estimated by a neural network model,
using as structural descriptors three solvatochromic parameters: ¥}, the intrinsic solute molecular volume, f, the
hydrogen bond acceptor basicity, and o, the hydrogen bond donor acidity parameters. The neural network quan-
titative structure-activity relationship gives better estimations than a multiple linear regression model, both for
model calibration and prediction. The predictions of the neural model are affected by large errors for patterns
whose input and/or output values are outside the range of the corresponding values in the training set.

INTRODUCTION

Neural networks are algorithmic systems derived from a simplified concept of the brain.?8 In a
neural network, a number of units, called neurons, are interconnected into a net-like structure. A Multi-
Layer Feed-forward (MLF) Artificial Neural Network (ANN) is constructed with three or more layers
of neurons: input neurons, output neurons, and one or more layers of intermediate elements called hid-
den neurons. Neural networks have learning features that allow them to be trained to recognize patterns
in data of high dimensionality. The neural networks do not require any formulation of rules about the
investigated phenomenon to make decisions because they form an internal model by extracting infor-
mation directly from the properly selected examples belonging to the so-called training set.

Recently there has been growing interest in the application of neural networks in the field of
Quantitative Structure-Activity Relationships (QSAR),%>1¢ and it has been demonstrated that this new
technique is often superior to the traditional multilinear regression analysis. The key strength of the
neural networks is that with the presence of hidden layers, they are able to perform nonlinear mapping
of the physicochemical parameters to the corresponding biological activity. ANNs offer some advan-
tage over standard statistical methods of modeling data since they can recognize complex relationships
in the data without these having to be explicitly included in the analysis.

The goal of the present paper is to compare the performance of the Multi-Linear Regression
(MLR) model and of MLF neural model in estimating the bioconcentration factors in fish for 51 organic

nonelectrolytes.
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RESULTS AND DISCUSSION

The BioConcentration Factor (BCF) is the concentration of a chemical compound in an organ-
ism divided by its concentration in water, and represents an important indicator for the fate of chemi-
cals in the environment. An MLR model relating the BCF data to molecular parameters was recently
reported.!” The BCF data for 51 organic compounds were taken from the paper of Sablji¢,'® who deve-
loped a QSAR model using topological indices as independent variables. The MLR model used as mo-
lecular descriptors three solvatochromic parameters from the Linear Solvation Energy Relationship
(LSER) model:!*2! V/, the intrinsic solute molecular volume, B, the hydrogen bond acceptor basicity
parameter, and o the hydrogen bond donor acidity parameter. The structure of the 51 organic com-
pounds, the solvatochromic parameters, and the experimental data, lg BCF, are presented in Table 1 and
were used in ref. 17 to develop an MLR QSAR:

lg BCF = -0.894(£0.271) + 4.606(+1.395) /100 —- 3.716(x1.125)B + 0.766(+0.232)a n
n=351 r=0944 5=0439 mres=0.350

where n is the number of compounds used in the correlation, r is the correlation coefficient, s is the
standard deviation, and mres is the mean residual computed with the following equation: mres =
=X |lg BCF ,, —lg BCF, | /n. The standard error of estimation of each coefficient at the 95% confidence
level is given in parentheses. The partial correlation coefficients are /(¥}/100) = 0.890, (B) = -0.276,
and r(a) = —0.225, leading to the conclusion that no single parameter can estimate with high accuracy
the 1g BCF values. The largest error in estimating the Ig BCF values was obtained for the compound
43,2,2°,4,4',5,5 -PCB, with a computed Ig BCF value of 5.83, and a residual equal to ~0.85, which is
in the range of +2s from the experimental value.
The collinearity of the three variables is low, as indicated by the intercorrelation matrix:

[ VI/100 B a
VI/100 1.000 0.025 ~0.234
B 1.000 0.339

In order to investigate the predictive character of the MLR model, we have used a Leave-20%-
Out (L20%0) cross-validation method. Cross-validation was applied by deleting 20% of the patterns
from the data set, then computing the MLR model with the remaining 80% data, and finally predicting
the 1g BCF values for the deleted patterns. This procedure is repeated five times, until all points are
deleated once and only once. The five sets of cross-validation patterns are presented in Table 2; while
the first set consisted of 11 patterns, the remaining four sets of data contained each 10 different pat-
terns. The Ig BCF values predicted by the L20%0O method were very close to the experimental values,
as indicated by the regression equation:

lg BCF,,, = 0.245 + 0.917 Ig BCFyy ¢, )
n=51 r=0920 s=0510 mres=0419

The statistical results for the MLR models developed on the basis of the five cross-validation
sets and the corresponding modeling sets are presented in Table 3. While the MLR models for the sets
1, 4, and 5 give better statistics than the whole set of data, the sets 2 and 3 give lower statistical indices,
but the differences are not high, and can be explained by the inhomogeneous distribution of the patterns
in the five sets of data. The statistical results for the cross-validation sets are lower than that of the
MLR models for sets 1, 4, and 5, while for sets 2 and 3 the correlations show better statistics.
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Table 1

Structure, solvatochromic parameters, and experimental and calculated Ig BCF for the set of 51 organic compound

used in the QSAR models

‘ Ig BCF
No. Compound V,/100 B o F oxp NI o
1 | toluene 0.592 0.11 0.00 0.92 0.88 0.04
2 | ethylbenzene 0.687 0.12 0.00 1.19 1.49 -0.30
3 | 1,2-dimethylbenzene 0.671 0.12 0.00 1.15 1.34 -0.19
4 | 1,3-dimethylbenzene 0.671 0.12 00.0 1.17 1.34 -0.17
5 | 1,4-dimethylbenzene 0.671 0.12 0.00 1.17 1.34 -0.17
6 | isopropylbenzene 0.775 0.12 0.00 1.55 220 ; -0.65
7 | 1,2,40trimethylbenzene 0.769 0.13 0.00 2.12 2.14 ; -0.02
8 | naphthalene 0.753 0.15 0.00 220 191 1 029
9 | 2-methylnaphthalene 0.851 0.16 0.00 2.61 2.43 ! 0.18
10 | phenanthrene 1.015 0.20 0.00 3.42 3.19 0.23
11 | 2-methylphenanthrene 1.113 0.21 0.00 3.48 3.55 -0.07
12 | anthracene 1.015 0.20 0.00 3.13 3.19 -0.06
13 | 9-methylanhracene 1.113 0.21 0.00 3.66 3.55 0.11
14 | benzo[a]anthracene 1.277 0.25 0.00 4.00 3.73 0.27
15 | acenaphthene 0.896 0.17 0.00 2.60 2.60 0.00
16 | pyrene 1.156 0.25 0.00 343 3.63 -0.20
17 | benzo[a]pyrene 1.418 0.30 0.00 3.70 3.74 -0.04
18 | fluorene 0.960 0.21 0.00 3.11 2.88 023
19 | chlorobenzene 0.581 0.07 0.00 1.08 1.30 ~-0.22
20 | 1,2-dichlorobenzene 0.671 0.03 0.00 1.95 2.01 -0.06
21 | 1,3-dichlorobenzene 0.671 0.03 0.00 1.82 2.01 | -0.19
22 | 1,4-dichlorobenzene 0.671 0.03 0.00 2.10 2.01 ! 0.09
23 | 1,2,3-trichlorobenzene 0.761 0.00 0.00 2.69 3.03 i -0.34
24 | 1,2,4-trichlorobenzene 0.761 0.00 0.00 3.23 3.03 0.20
25 | 1,3,5-trichlorobenzene 0.761 0.00 0.00 324 3.03 0.21
26 | 1,2,3 5-tetrachlorobenzene 0.851 0.00 0.00 3.50 3.53 -0.03
27 | 1,2,3,4-tetrachlorobenzene 0.851 0.00 0.00 3.58 3.53 0.05
28 | 1,2,4,5-tetrachlorobenzene 0.851 0.00 0.00 3.65 3.53 0.12
29 | pentachlorobenzene 0.941 0.00 0.00 3.74 3.81 -0.07
30 | hexachlorobenzene 1.031 0.00 0.00 423 4.19 0.04
31 | 2-chlorophenanthrene 1.105 0.16 0.00 3.63 3.74 -0.11
32 | 1,2-dichloroethane 0.442 0.10 0.00 030 0.49 -0.19
33 | 1,1,2-trichleroethylene 0.492 0.05 0.00 1.20 1.08 ! 0.12
34 | tetrachloroethylene 0.578 0.05 0.00 1.70 1.45 0.25
35 | bipheny! 0.920 0.20 0.00 242 2.65 ; -0.23
36 | 4-chlorobiphenyl 1.010 0.17 0.00 2.77 3.16 ! -0.39
37 | 4,4’-dichlorobiphenyl 1.100 0.14 0.00 4.10 4.05 | 0.05
38 | 2,4,4-trichlorobiphenyl 1.190 0.10 0.00 4.66 4.80 ~-0.14
39 | 2,2",5-trichlorobiphenyl 1.190 0.10 0.00 4.69 4.80 ~0.11
40 | 2,2’4,4’-tetrachlorobiphenyl 1.280 0.06 0.00 4.85 4.88 -0.03
41 | 2,2°5,5 -tetrachlorobipheny! 1.280 0.06 0.00 4.86 4.88 -0.02
42 | 2,2°4,5,5 -pentachlorobipheny! 1.370 0.03 0.00 4.83 4.91 -0.08
43 |2,2',4,4,5,5'-hexachlorobipheny! 1.460 0.00 0.00 4.98 4.92 0.06
44 | 3-chlorophenol 0.626 0.23 0.69 1.25 1.26 -0.01
45 | 4-bromophenol 0.669 0.23 0.69 1.56 1.58 -0.02
46 | 4-nitrophenol 0.676 0.32 0.82 2.10 2.08 0.02
47 aniline 0.562 0.50 0.16 0.78 0.90 ~0.12
48 | N,N-diethylaniline 0.948 0.44 0.00 2.08 2.13 -0.05
49 | nitrobenzene 0.631 0.30 0.00 1.18 0.80 ! 0.38
50 | 1-chloro-4-nitrobenzene 0.721 0.26 0.00 1.00 1.18 ! ~0.18
51 | cyclohexane 0.598 0.00 0.00 2.22 2.15 i 0.07
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Table 2

The composition of the five cross-validation sets used in the leave - 20% — out method.

The numbers correspond to the compounds in Table 1

Set Compound
1 5 7 11 13 27 30 33 34 47 48 49
2 2 3 9 21 22 35 37 38 39 40
3 8 10 15 19 23 29 31 32 36 44
4 4 14 16 17 20 24 26 42 50 51
5 1 6 12 18 25 28 41 43 45 46
Table 3
Cross-validation results for the MLR model obtained for the five sets of data
used in the leave - 20% - out method
Data MLR Model o Cross-Validation
Set r s mres r s mres
1 0.947 0.435 0.349 0.939 0.445 0.435
2 0.939 0.445 0.357 0.984 0.282 0.383
3 0.941 0.463 0.371 0.975 0.276 0.292
4 0.952 0.412 0.320 0.905 0.567 0.529
5 0.950 0.413 0.317 0.922 0.567 0.455

Also, the performance of the MLR model was tested with a set of 8 compounds not used in
developing eq. (1). The chemical compounds used in the prediction set, together with their solva-
tochromic parameters, are presented in Table 4. The comparison of predicted and experimental values

for g BCF gives the following equation:

Ig BCF,,, = 0.185 + 0.845 Ig BCFy 1 ,

n=8 r=00981

s=0.218

Table 4

mres = 0.221

Structure, solvatochromic parameters, and experimental and calculated 1g BCF
for the set of 8 organic compounds used in the prediction set

Compound V7100 B
acenaphthene 0.896 0.17
benzene 0.491 0.10
perylene 1.415 0.30
tetrachloromethane 0.514 0.10
chloroform 0.427 0.10
pentachloroethane 0.700 0.10
1,1,2,2-tetrachloroethane 0.617 0.10
1,1, 1-trichloroethane 0.519 0.10

1g BCG
« exp NNI1 residual
0.00 2.59 2.60 -0.01
0.00 1.10 0.56 0.54
0.00 3.86 3.74 0.12
0.00 1.36 0.62 0.74
0.35 0.78 0.46 0.32
0.00 1.83 1.70 0.13
0.00 1.25 1.17 0.08
0.00 0.95 0.64 0.31

(3)

The ANNs used in the present study are three-layer MLF networks, with three input neurons
representing the three solvatochromic parameters used to develop the MLR model (V,, B, and o), and
one output unit, representing lg BCF. The training was performed with the backpropagation algo-
rithm,%3 and we have used three activation functions: the hyperbolic tangent (tanh), the linear function,
and a bell-shape activation function with the formula Act(z) = 1/(1 + z%)."?? Other important specifica-
tions for the ANNs used in simulations are: input scaling between —0.9 and 0.9, initial weights scaling



Artificial neural networks. 7 o o e 351"

between —0.1 and 0.1, and the momentum equal to 0.8. The training continues until the correlation
coefficient between experimental and computed lg BCF improves with less than 10 in 100 epochs.

To optimize the ANNs with respect to the QSAR model quality, network architecture, training
regime, we have used several statistical indices: correlation coefficient r, the standard deviation s, and
the mean residual mres, of the linear correlation between lg BCF and 1g BCF of the type: Ig BCchp =
=a+blgBCF, .

The number of neurons in the hidden layer was selected on the basis of empirical trials, in
which ANNs with different number of hidden neurons are trained to predict the Ig BCF exp values. The
training was done by randomly presenting to the network the patterns for the set of 51 compounds,
using a hyperbolic tangent as activation function, a learning rate equal to 0.01, and output scaling
between —0.9 and 0.9. For a size of the hidden layer between two and ten neurons, the correlation coef-
ficient between experimental and estimated lg BCF was between 0.983 and 0.985, values higher than
that of the MLR model.

In QSAR studies it is very important to take into consideration that feedforward neural net-
works are universal approximators: they are capable of arbitrarily accurate approximation to arbitrary
mappings, provided sufficiently many hidden units are available.2>2> The potential of chance correla-
tions in QSAR models was investigated,?-?% and it was proposed to characterize a network by a struc-
tural parameter p, which is the ratio of the number of patterns in the training set to the number of con-
nections. The optimum p values for the MLF networks lay in the range 1.8 < p < 2.2, and it was reported
that networks having p values in excess of 2.2 failed to extract relevant features and gave poor predic-
tions. In this paper we will use networks with four hidden neurons, whose p parameter, equal to 2.43, is
close to the optimum value.

In order to establish the role of randomness in developing ANNs models, we have simulated a
leaming set of data by retaining the values of the input patterns assigned to the corresponding com-
pounds, and randomly assigning a real lg BCF value to a compound not necessarily possessing this
activity. A neural network with four hidden neurons and tanh activation functions is trained for 2000
epochs using this simulated training set. If the fit obtained with the real data is consistently better than
that with the randomly assigned output data, the correlation obtained with the real data can confidently
be said not to be due to chance factors. The procedure of generating simulated training sets was repeated
10 times, and the mean correlation coefficient between experimental and computed 1g BCF is 0.379,
while the highest correlation coefficient is 0.585. Because the statistical indices in the runs using ran-
domly reassigned activity data are considerably lower than those obtained when actual activity data are
used, we are confident that a valid relationship has indeed been established between the structural
descriptors and the observed biological properties.

Because in certain cases a linear output function provides a better QSAR model, we have
investigated an ANN model with tanh hidden activation function, and linear output activation function.
The performance of a neural network with a linear output activation function is strongly dependent on
the range of the output scaling, and an output scaling between -5 and 5 provided the best results. This
network, denoted by NN1, with an output learning rate equal to 0.005, was trained for 2900 epochs,
and provided a good estiiniation of the experimental g BCF values:

lg BCchp =~0.048 + 1.007 Ig BCF, 4)
n=51 r=0990 5=0.192 mres=0.147

If we compare the predictions of the MLR model represented by eq. (1) with the predictions of
the ANN model in eq. (3), it is clear that the neural network outperforms regression analysis and pro-
vides superior mappmg of solvatochromic parameters to the BCF data. The lg BCF values estimated by
the NN1 network and the residuals are presented in Table 1.
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The L20%O cross-validation was performed with the same sets of data used in the MLR
model. The statistical indices for the estimated and predicted Ig BCF values in the five sets of data are
reported in Table 5. The estimations in the five runs have correlation coefficients higher than 0.990,

Table 5

Cross-validation results for the neural network model obtained for the five sets
of data used in the leave ~ 20% — out method

Data MLR Model Cross-Validation

Set r s mres r s mres
1 0.992 0.165 0.120 0.920 0.506 0.314
2 0.9%0 0.180 0.142 0.987 0.253 0.225
3 0.904 0.145 0.115 0.922 0.478 0.414
4 0.991 0.179 0.134 0.963 0.360 0.257
5 0.994 0.147 0.113 | 0.917 0.584 0.34]

while the cross-validation r, r_, is lower, mainly in the case of sets 1, 3, and 5. When we have exam-
ined the predicted values, we discovered that an excessively low r_, was usually associated with a small
number of points with very large residuals, and that these occurred in points in which one or more input
and/or output patterns were extremai (with values outside the range of the corresponding values in the
training set). In the first set, the compound 47 is extremal in B, and has a very poor predicted value,
2.02, and the largest residual in this cross-validation set, —1.24. In the third set, the compound 32 is
extremal both in ¥ and Ig BCF, and as expected, has a predicted value equal to 1.14 and the largest
residual in its prediction set, —0.84. Finally, in the fifth set compound 46 is extremal in a, with a pre-
dicted value of 0.50 and a residual equal to 1.60, again the largest in this set. Extremal points are absent
from the two cross-validation sets with a high r_, the second and the fourth. Thus, although the only
technique for assessing the quality of the fit is cross-validation, it leads to very pessimistic values for
r., when the data in the cross-validation set are extremal in one or more variables, because it involves
extrapolation of the scaling. The large residuals for extremal points, which have been consistently
observed in our computations, are a warning that the ANN data should not be extrapolated, and also
that the r__ is unduly pessimistic in this cases.

The L20%O0O cross-valiation method gives the following correlation between predicted and
experimental Ig BCF values:

lg BCFGxp =0.078 + 0.961 Ig BCF ., (5)
n=51 r=0938 s=0.450 mres=0.310

The statistical indices of eq. (5) are higher than of the corresponding MLR cross-validation
equation, but much lower than of the estimations of the neural model. As explained above, this situa-
tion appears because the cross-validation sets contain extremal data.

The second cross-validation method used was the leave-one-out (LOO) technique. In this
approach, an untrained network is first created. Then one pattern is taken out of the training set of pat-
terns and the network is trained with the remaining patterns. When the learning process is finished, the
network predicts the output value for the pattern which was eliminated from the learning set. The pat-
tern is then put back in the set and the next one is taken out to repeat the process, starting with the
untrained network. In thic manner, each pattern serves as an unknown once and as a training pattern all
the other times. The predictions of the ANN model using the LOO method are well correlated with the

experimental values:

Ig BCF,, = 0.034 +0.967 Ig BCFyy; 6 (6)

n=51 r=0954 s=0390 mres=0.280
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While the predictions in the LOO method are better than that of the 1.20%0 method, one must
take into account that the LOO method requires the computation of 51 networks with a training set con-
sisting of 50 patterns. Because the LOO method is computationally more complex than the 1.20%0
method, one can apply it only on small sets of data. Also, the largest prediction errors in the LOO
method are provided by the extremal patterns: compound 8, with Ig BCFP = 1.38 and a residual of
0.82; compound 32, with Ig BCF = 1.10 and a residual of -0.80;compound 47, with Ig BCFprcd 2.03
and a residual of —1.25; and compound 48, with Ig BCF = 3.08 and a residual of -1.00.

The predictive performance of the NNI network was tested with the same set of 8 compounds
from Table 4 used to evaluate the MLR model. The ANN prediction of g BCF values is of equal statis-
tical quality with that of the MLR model:

lg BCFC"p =0.476+ 0.862 g BCFNNP )
n=8 r=0983 s=0.209 mres=0.280

The predicted 1g BCF values and the residuals for the compounds in the prediction set are pre-

sented in Table 4.
Because there is no theoretical way to establish the optimal topology of a neural network, we

have investigated a large number of networks with different characteristics. Some selected results are
presented, in order to show that similar results can be obtained with different ANN topology. A neural
network, denoted by NN2, with tanh activation function for both hidden and output layers, a learning
rate equal to 0.01, and an output scaling between ~0.9 and 0.9, was trained for 3500 epochs and provided
the following estimation of g BCF:

ig BCFMP =-0.020 + 1.003 lg BCF, (8)
n=51 r=0987 s=0212 mres=0.163

Because in cases where the dependence between inputs and outputs is highly nonlinear a bell-
shape activation function for the hidden layer gives better performances, we have trained the network
NN3, with the following specifications: hidden activation function Act(z) = 1/(1 + z?); tanh output
function; output scaling between —0.9 and 0.9. After 7000 epochs, the estimations were of the same
quality as those obtained with the network NN2:

Ig BCF,,,=-0.030 + 1.003 lg BCF g5 )
n=51 r=0987 s5=0.208 mres=0.164
In some cases, using a gain factor y improves the performances of the network. We have used a
hidden layer activation function Act(z) = tanh(yz), with gain values different for the four hidden neu-

rons: 2, 1, 0.5, and 0.1. The convergence was obtained after 5100 epochs, with no improvement in the
estimation of the Ig BCF values:

lg BCchp =-0.018 + 1.004 Ig BCF, (10)
n=51 r=0986 s5=0.214 mres=0.164

The last experiment reported here used a generalized neural network, with a tanh output func-
tion, a hidden neuron with a bell-shape activation function, and three hidden neurons with tanh func-
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tions and y values equal to 1, 0.5, and 0.1. The leaming phase was finished after 3400 epochs, provid-
ing a good estimation of the experimental data, but with no advantage over the other networks:

Ig BCF,,, = —0.019 + 1.006 Ig BCFyys (11)

n=51 r=0985 s=0223 mres=0.179

CONCLUSIONS

The neural network approach gives better estimations than the usual MLR model for the com-
putation of the bioconcentration factors in fish, using as structural descriptors solvatochromic parame-
ters. The predictions of the two models are of the same statistical quality.

Also, it was demonstrated that the usual cross-validation procedure gives too pessimistic va-
lues for To because the calculation of the output values for patterns which are extremal in one or more
variables involves extrapolation, and neural networks give poor results in these cases. The leave-one-
out cross-validation method gives also large residuals for extremal patterns. The use of leave-one-out
analysis with large data sets cannot be considered routine, however, as it is extremely demanding of
computer time.

The random reassignment of the dependent variable in the training set is a method which can
demonstrate the relevance of the neural model to the problem under study, and its use is recommended
at least with small samples.
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