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Quantitative structure-activity relationships (QSAR), which relate biological and
toxicological activities to structural features, have been employed to correlate structure
to activity mainly by the use of multiple linear regression (MLR). A general prob-
lem of MLR models, namely the lack of nonlinear mapping, is resolved by the use
of a new approach in computational chemistry: artificial neural networks (ANN). A
comparison is made between the ability of MLR and ANN to predict the inhibitory
potencies of substituted s-triazine derivatives on chicken liver dihydrofolate reduc-
tase; as chemical structure characteristics, three theoretical descriptors were used.
Comparing the statistics of the two models, ANN performs better than MLR, pro-
viding accurate predictions of the biological activities of the s-triazine derivatives.

INTRODUCTION

In the study of quantitative structure-activity relationships (QSAR), math-
ematical models are constructed to describe the correlation between the biological
activity of a molecule and its physicochemical characteristics. The purpose of QSAR
is to understand the forces governing the activity of a particular class of com-
pounds, and to assist drug design.

The Hansch approach to QSAR? describes the biological activity (4) in terms
of a linear combination: f

A=c,+ZcP
where P, are physicochemical parameters used to describe chemical structure, and
the coefficients c, are normally estimated by multiple linear regression (MLR)
which minimises the variance between the data and the model.

In an extensive QSAR study, Hansch and coworkers® predicted the inhibition
of chicken liver dihydrofolate reductase (DHFR) by a large set of 4,6-diamino-1,2-
dihydro-2,2-dimethyl-1-(substituted-phenyl)-s-triazines (see Fig. 1 for the general
structure). The OSAR develooed was a MLR model using as structural descrintors
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fects. Apart from the classical substituent parameters, there are many QSAR stud-
ies involving theoretical descriptors* (geometric and quantum indices); their major
advantage is their easy computation using standard programs. Also, substituent
parameters do not reflect the effect of the particular chemical structure under study,
while quantum indices offer more sensitive and reliable molecular descriptors.

3
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Recently, the QSAR reported in ref. 3 was examined with theoretical de-
scriptors as independent variables:® the average molecular electrostatic field, F, the
total molecular surface, S, and the saturated apolar molecular surface, S_. A good
description of the pK, was obtained, expressed in equation (1}. The set of data
contained 94 substituted s-triazine derivatives.

pK,=827-0.1222 F_-0.0057 S_ + 0.0035 S (1)

n=94 r=0.872 5s=0.35

The scope of the present study is to investigate the applicability of artificial
neural networks (ANN) in estimating inhibitory potencies of substituted s-triazine
derivatives on chicken liver dihydrofolate reductase, and to compare the results
with the predictions of the MLR model of the same set of compounds, represented
by equation (1).

Artificial neural networks (ANN)®* are computer-modeled or algorithmic
systems derived from a simplified concept of the brain. In a neural network, a
number of nodes, called neurons, are interconnected into a net-like structure. A
multi-layer perceptron (MLP) network is constructed with three or more layers of
neurons: input neurons, output neurons, and one or more layers of intermediate
elements called the hidden neurons.

The structure of the ANN, represented by the number of layers and the num-
ber of neurons in each layer, is adjusted so that it is appropriate for the problem
under study. The network is then put through a training process in which the weights
of the connections are modified recursively by a leaming algorithm, based on a
training set of known data, until the weights converge to fixed values. When the
training process is finished successfully, the network can be used to solve new
problems in a predictive process. Unlike an expert system, knowledge is repre-
sented in a neural networks in a parallel fashion in terms of weights of the connec-
tions between the neurons. The advantages of neural networks over conventional
algorithms include the ability to generalize and their self-learning feature.

Recent reports have demonstrated the utility of artificial neural networks in
the estimation of boiling points of organic compound,®!° in the correlation of the
regiochemistry with structural parameters,!>2 in the prediction of *C-NMR chemical
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shifts,*!5 IR spectra interpretation and identification of functional groups,®!” and
QSAR.1®A

The major advantage in using ANN in QSAR is that with the presence of
hidden layers, neural networks are able to perform nonlinear mapping of the physico-
chemical parameters to the corresponding biological activity.

RESULTS AND DISCUSSION

In the present investigation we have used the set of 94 substituted s-triazine
derivatives reported in ref. 5 to train an ANN to predict their inhibitory potencies
on DHFR, with the scope to compare the ANN results with the predictions of the
. corresponding MLR model represented by eq. (1).

The ANN used in the present study are three-layer MLP networks, with three
input units representing the three independent parameters in eq. (1), and one output
unit (representing pK); for training we have used the backpropagation algorithm
and the transfer function was the hyperbollc tangent. Other specifications for the
networks used in simulations are presented in Table 1.

Table 1
Artificial Neural Network Specifications

Type of neural network Multi-layer perceptron
Learning algorithm Backpropagation

Bias neuron Yes

Learning set presentation "~ Random

Leaming rate 0.001 (NN1) / 0.005 (NN2)
Momentum 08

Transfer function Tanh

No. input neurons 3

No. hidden neurons . variable

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 a set of statistical variables: the
mean square error (MSE) in scaled units, and the standard deviation s and the
correlation coefficient r of the linear correlation between rK, ., and PK, o of the
type pK,__=a+bpK .. MSE is defined by the following expressmn

X .(Output.. - Target..)
MSE =

P
where Output represents the output of the neuron J in the output layer for the
pattern i, and Targe represents the desired output in scaled units for the same

neuron and pattern. The first summation goes over all P patterns in the training set,
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while the second summation goes over all O output neurons. High-quality ANN
predictions should have MSE and s close to zero, and r close to unity. Another
statistical index used in the evaluation of ANN performances is ApK, , defined as
A-pl<iav = EIPK:ANN - Kiexp /P .

While the numbers of neurons in the input and output layers are predeter-
mined by the nature of experimental data, the number of neurons in the hidden
layer was selected on the basis of empirical trials, in which ANN with different
number of hidden neurons are trained to predict the pK,, of s-triazine derivatives.

The training was done by presenting to the network the set of 94 s-triazine
derivatives, using as structural descriptors the three theoretical parameters involved in
equation (1): the average molecular electrostatic field, F, the total molecular surface, S,
and the saturated apolar molecular surface, S_. The target was the corresponding pK.
reported in ref. 3. The training set was presented randomly, each example being pre-
sented the same number of times. Eight ANN were generated, with the number of
hidden neurons between 1 and 8. The training was terminated after 5000 complete

cycles, and the results obtained in the evaluation of pK, are presented in Table 2.
Table 2
Statistical Results in Estimating pK, with a Neural Network Trained for 5000 Cycles

No. of hidden 2
neurons MSE - 10 § r ApK,
1 4.878 0.429 0.806 0.318
2 3.029 0.336 0.886 0.265
3 2.968 0.334 0.888 0.258
4 2.971 0.332 0.889 0.254
5 3.008 0.334 0.888 0.257
6 2314 0.292 0915 0.228
7 2.535 0.308 0.905 0.233
8 2.558 0.305 0.907 0.239

It can be seen from Table 2 that the networks give almost identical results in
terms of MSE; r and s for all hidden layer sizes between 2 and 5 neurons; the
performance of the ANN improves as the hidden layer size is equal to 6. A greater
number of hidden neurons does not improve the performance of the ANN.

Following the statistical results in Table 2, an ANN with 2 hidden neurons
was chosen as the one that gave a good balance between fitting the training data
and a small number of adjustable parameters. The network (denoted by NN1) was
trained for a period of 40000 cycles, when there was no further decrease in overall
error. The MSE decreased to 0.029 and the correlation between the experimental
pK_.and NN1 pK, is given by the equation:

rK, ., =0.0443 + 0.9929 pK, s (2)
n=94 s=0332 r=0.8389

which shows the good prediction obtained with the network NN1. The average
difference ApK, is 0.26. |
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If we compare the predictions of the MLR model in equation (1) with the
predictions of the ANN model in equation (2), it is clear that the neural network
outperforms regression analysis and provides superior mapping of physicochemi-
cal parameters to biological activities.

For predictive purpose, an ANN with 6 hidden neurons was generated. This
ANN, denoted NN2, was trained for 30000 cycles, when there was no further
improvement in the prediction of pK.. The final MSE was 0.016, and the correla-
tion between pK, _ | and the inhibitor potencies estimated by NN2, pK, ., is given
by the equation:

PKiop = 0.0699 + 0.9858 pK, v 3)
- n=94 s=0.243 r=0.942

The structure, physical parameters (F, S, and S), pK, and pK,,, inhibitor

_ potencies of 4,6-diamino-l,2-dihydro-2,2-dimethy1—1—(substituted—phenyl)—s-triaz—

ines inhibitors are presented in Table 3. The average difference between experi-
mental and estimated pK, is ApK,, = 0.18, while the maximum difference ApK,__
equals -0.69, for compound number 2

Table 3
Structure, physical parameters, experimental and calculated inhibitor potencies of 4,6-diamino-
1,2-dihydro-2,2-dimethyl-1-(sub stituted-phenyl)-s-triazines inhibitors

No. Substituent Fv/nm S" A2 S A? pK’ exp® pKi calc?
1 | 3-SONH, 27.9 1049 275 5.00 4.95
2 4-SONH, . 27.9 102.0 280 4.70 4.96
3 4_s()201-13 23.0 132.3 296 5.25 5.09
4 3—CONH2 26.4 98.0 254 5.07 499
5 4-CONH, 26.4 102.1 262 495 496
6 3-COCH, 19.6 136.1 268 5.56 5.74
7 4_C0(:H3 19.6 133.6 267 5.69 5.75
8 3-OH 24.5 104.7 238 5.57 5.60
9 4-0OH 24.5 105.0 238 5.70 5.61
10 3-CF, 16.9 150.2 268 7.01 6.60
11 4-CF, 16.9 157.2 263 6.77 6.70
12 4-NH, 23.0 103.7 241 5.67 5.76
13 3-F 16.9 1243 236 6.79 6.94
14 4-F 16.9 123.7 234 6.89 6.93
15 3-Cl 113 136.6 247 7.36 7.15
16 4-C1 11.3 136.5 243 6.95 7.16
17 3,5-Cl, 11.3 . 1584 261 - 7.03 7.12
18 3-CH, 11.6 138.0 247 7.08 7.10
19 4-CH, 11.6 1413 249 7.09 7.10
20 3-CH,CH, 11.6 156.4 274 7.00 7.06
21 4—(CH,),CH, 11.6 195.6 309 7.38 7.17
22 3,4-(CH,), 11.6 179.2 283 1.72 7.03
23 3-(CH,),CH, 11.6 2429 361 7.12 6.88
24 3—(CH,),CH, 11.6 310.6 429 . 6.53 6.51
25 4-(CH,),CH, - 11.6 266.4 388 6.41 6.69

@ The data were taken from ref.’
b Estimated by the network NN2
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Table 2 (continued)

~ 26 | 3-(CH,),,CH, 11.6 | 3357 | 453 | 638 | 634
27 | 3-C(CH,), 116 | 1773 | 286 | 675 | 7.04
28 | 4-C(CH,), 11.6 | 1813 | 292 | 671 | 7.05
29 | 3-OCH, 172 | 1395 | 265 | 641 | 659
30 | 4-OCH, 172 | 1406 | 267 | 648 | 6.52
31 | 3-OCH,, 4-OCH, 172 | 1699 | 286 | 601 | 6.00
32 | 3-OCH,CH, 156 | 1593 | 283 | 647 | 6.22
33 | 3-O(CH,),CH, 147 | 1778 | 302 | 592 | 593
34 | 4-O(CH,),CH, . 147 | 1798 | 297 | 590 | 597
35 | 3-O(CH,),CH, 141 | 2152 | 340 | 620 | 6.54
36 | 3-O(CH,),CH, 138 | 2292 | 345 | 628 | 640
37 | 3-O(CH,),CH, 13.5 | 2404 | 366 | 630 | 6.73
38 | 4-O(CH,),CH, 135 | 2258 | 350 | 646 | 6.64
39 | 3-O(CH,),CH, 129 | 3002 | 425 | 655 | 6.68
40 | 3-O(CH,),CH, 127 | 3375 | 462-| 656 | 6.51
41 | 4-O(CH,),CH, 127 | 3073 | 432 | 603 | 6.64
42 | 3-O(CH,) CH, 126 | 3621 | 487 | 638 | 6.8
43 | 4-O(CH,),CH, 126 | 3281 | 450 | 650 | 6.51
44 | 3-O(CH,),CH, 126 | 3800 | 504 | 548 | 5.82
45 | 3-O(CH,),,CH, 125 | 4070 | 532 | 650 | 6.57
46 | 4-O(CH,),0CH,-4’-NH, 13.0 | 1663 | 367 | 676 | 7.40
47 | 3-OCH,CH, 101 | 159.0 | 340 | 693 | 7.23
48 | 4-OCH,CH, 101 | 1451 | 340 | 7.53 | 7.28
49 | 3-O(CH,),0CH, 113 | 1778 | 369 | 7.15 | 7.32
50 | 3-O(CH,),0CH,-3"-CH, 107 | 2108 | 394 | 7.02 | 7.16
51 | 3-O(CH,),0CH, 103 | 2197 | 417 | 729 | 7.30
52 | 3-O(CH,),0CH,-3"-CF, 108 | 2606 | 445 | 7.54 | 7.23
53 | 3-OCH,CH,-3",4"-Cl, 90 | 1985 | 372 | 678 | 7.3
54 | 4-OCH,CH,-3",4'-Cl, 90 | 1909 | 372 | 714 | 7.3
55 | 3-OCH,CH,4-CONH, 149 | 1503 | 377 | 7.05 | 729
56 | 4-OCH,CH,-4-CONH, 149 | 1369 | 373 | 730 | 7.29
57 | 4-OCH,CH,-4-SO,NH, 165 | 1401 | 398 | 749 | 7.24
58 | 4-OCH,CH,~4"-CH,0H 121 | 1694 | 367 | 735 | 741
59 | 3-CH,0-¢-CH,, 3.5 | 2385 | 35 | 719 | 6.57
60 | 3-CH,NHCH,-3",5"~(CONH,), 174 | 137.8 | 401 | 698 | 723
61 | 3-CH,NHCH,4-SONH, 165 | 1473 | 402 | 718 | 7.24
62 | 3-CH,0OCH, 101 | 1573 | 344 | 728 | 722
63 | 3-CH,0CH,-3"-Cl 95 | 1802 | 359 | 718 | 715
64 | 3-CH,0CH,-3-CN 13.1 | 1613 | 366 | 7.59 | 7.40
65 | 3-CH,0CH,-3"-OCH, 113 | 1913 | 375 | 729 | 7.23
66 | 3-CH,0CH,-3-CH,0H 121 | 1830 | 385 | 7.0 | 742
67 | 3-CH,0CH,~3"-CH, 95 | 1899 | 365 | 7.14 | 7.11
68 | 3-CH,0CH,-3"-CH,CH, 92 | 2089 | 379 | 727 | 7.8
69 | 3-CH,0CH,-3'~-CH(CH,), 89 | 2217 | 393 | 747 | 7.06
70 | 3-CH,0CH,-3'-C(CH,), 8.6 | 2369 | 404 | 7.24 | 7.06
71 | 3-CH,0CH,-3"-CH, 92 | 1770 | 386 | 679 | 730
72 | 3-CH,0CH,-3"-NHCOCH, 134 | 1836 | 376 | 764 | 736
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Table 2 (continued)

73 | 3-CH,0CH,—3 -NHCOCH, 157 1433 364 746 | 7.27
74 | 3-CH,0CH -3-NHCONH, 13.5 143.7 375 722 | 7.36
75 | 3-CH,OCH,~3-NHCSNH, 8.5 255.0 422 671 | 7.02
176 | 3-CH,OCH ~4'~(CH,),CH, 9.5 161.5 393 750 | 7.56
77 | 3-CH,0-2-naphtyl 9.5 163.8 363 715 | 7.23
78 | 3-CH,O-1-naphtyl 6.5 186.2 343 747 | 792
79 | 3-CH,SCH, 6.5 174.0 343 817 | 7.80
gp | 4-CHSCH, 6.6 1938 | 358 | 770 | 7.59
g1 | 3-CH,SCH,-3"-CH, 66 1930 | 372 | 740 | 737
4-CH. SC H.-3'-CH
82 | 4 CHSCH 2O 6.6 205.7 351 737 | 7.89
8 | 3 schcn 3 6.5 164.7 354 752 | 747
84 | W SCHCH 65 174.4 354 711 | 7.54
85 3_SCH§C§H:_ a_cl 6.5 185.1 368 755 | 7.39
8 | 4_SCH'C.H.—4'-Cl 6.5 189.2 373 713 | 7.36
87 | 3¢, 4-0Ct,CH CON(CH), 13.3 230.6 430 | 701 | 732
88 | 3_SO,NH,, 4-Ci 22.9 113.8 302 566 | 5.67
89 3—NH2, 4—CH2CH3 15.9 142.2 276 6.50 6.35
90 3-CH,SCH,, 4-Cl 6.5 185.4 269 7.58 7.47
91 3-Cl, 4-SCH,C H, 16.0 188.5 351 7.40 7.23
92 3-Cl, 4-CH_SCH, 16.0 181.9 | 346 7.33 7.22
93 | 3-Cl, 4-O(CH,),CH, 30.0 3139 432 6.46 | 6.47

94 | 3-Cl, 4~(CH,),CH

47673

-2'-Cl, 4-SO,F 27.0 2404 459 7.55 7.55

The pK, for compound 22 estimated by equation (1) is 6.83, instead of the
experimental value of 7.72; a possible explanation for this situation is that the
theoretical parameters used in correlation do not properly reflect the structure of
the compounds with a bridge between positions 3 and 4.

The standard deviation of equation (2) is greater than in equation (3). This
fact is a consequence of the fact that NN1 has only 11 connections (adjustable
parameters), while NN2 has 31 connections. As a consequence of the good statisti-
cal indices of the equation (3), the network NN2 could be used to predict the pK,
for other s-triazines derivatives.

The L20%0 (Leave-20%-Out of data) cross-validation was applied in order to
test the prediction ability of the MLR and ANN models. The MLR model has the
lowest predictive power, with 1=0.727 and s=0.498, while for the network with two
hidden neurons the predictive power increases (r=0.790 and s=0.445). The best L20%0
predictions are offered by a network With six hidden neurons: r=0.821 and s=0.414.

The major difference between the two models, MLR and ANN, is that the
first one uses a well defined function to fit the data, while the neural network performs
a model-free mapping of the molecular structure descriptors to predict the pX;

CONCLUSIONS

We can conclude from our results that ANN are able to train to predict the
inhibitory potencies of substituted s-triazine derivatives on chicken liver dihydrofolate






