Available online at www.sciencedirect.com

sc.ence@p.“m

DYEo
ald
PIGMENTO

www.elsevier.com/locate/dyepig

ELSEVIER

Dyes and Pigments 73 (2007) 230—238

Solubility prediction of 21 azo dyes in supercritical
carbon dioxide using wavelet neural network

R. Tabaraki, T. Khayamian™, A.A. Ensafi

Department of Chemistry, College of Chemistry, Isfahan University of Technology, Isfahan 84154, Iran

Received 11 July 2005; received in revised form 18 October 2005; accepted 14 December 2005
Available online 20 February 2006

Abstract

The solubility of 21 azo dyes in supercritical carbon dioxide was related to the six descriptors over a wide range of pressures (100—355 bar)
and temperatures (308—413 K). The wavelet neural network (WNN) model was constructed with six descriptors as an input layer, eight neurons
as a hidden layer and a neuron as an output layer. The descriptors consisted of temperature, pressure, LUMO energy, polarizability, volume of the
molecule and number of unsaturated bonds and they were selected based on stepwise feature selection from different descriptors using multiple
linear regression (MLR) method. The WNN architecture and its parameters were optimized simultaneously. The data were randomly divided into
the training, prediction and validation sets. The RMSE and mean absolute errors in WNN model were 0.220 and 0.158 for prediction set and
0.156 and 0.114 for validation set. In addition, the prediction ability of the model was also evaluated for five azo dyes, the molecules and data of

which were not in any previous data sets.

The performance of the WNN model was also compared with artificial neural network (ANN) and MLR models.

© 2006 Elsevier Ltd. All rights reserved.
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1. Introduction

Supercritical fluid dyeing (SFD) is an alternative dyeing
process, which is able to replace the conventional wet process.
In this process, water, surfactants, dispersing agents and dry-
ing process are eliminated. Therefore, this method will not de-
liver a lot of wastewater to the environment. Moreover, a lot of
energy (roughly 50%) can be saved [1—5]. However, in order
to apply this technique, the knowledge of the solubility of dis-
perse dyes in supercritical carbon dioxide (SC-CO,) is re-
quired. The solubility measurements of dyes in SC-CO,
have been conducted by many researchers [6—24]. These ex-
perimental data are commonly to correlate with theoretical
or semi-empirical models [25—34]. In addition to those hard
modeling methods, some software methods such as artificial
neural network (ANN) [35] and wavelet neural network
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(WNN) [36] have also been used for the prediction of solubil-
ity in supercritical conditions.

The purpose of this work is (1) prediction of solubility of
various azo dyes in supercritical carbon dioxide using WNN,
(2) simultaneous optimization of the WNN architecture and
its parameters, and (3) evaluation of the performance of the
model using two data sets; a validation set, in which data
were not used in construction of the model and a data set con-
sisted of five azo dyes, the molecules and data of which were
new for the model. This model can be used to predict the sol-
ubility of newly synthesized azo dyes in SC-CO, as a primary
estimation.

2. Theory
2.1. Wavelet

Wavelet is a type of transformation that retains both time
and frequency information of the signal [37]. In chemical
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studies, the time domain can be replaced by other domains
such as wavelength. In Fourier transform, only the sine and co-
sine functions can be chosen as the basis functions. However,
wavelet transformation (WT) has versatile basis functions to
be selected based on the type of the signal analyzed. In WT,
all basis function v, , (x) can be derived from a mother wavelet
¥(x) through the following dilation and translation processes:

‘//a,h(x) = a—1/2¢<x;b> a,beR and a >0 (1)

where the parameters of translation are be R and of dilation are
aceR and a > 0 (R denotes real number). The mother wavelet,
¥(x), is a single fixed function such as Morlet function from
which, all basis functions are generated.

The continuous wavelet transformation of a signal function
such as f(x) is given by

Wlab) = [ Vabra )

where the superscript * represents the complex conjugate.
From Eq. (2) W (a,b) can be computed through the convolu-
tion product.

The applications of wavelet in chemistry have been re-
viewed in several papers [38] and books [39].

2.2. Wavelet neural networks

Wavelet neural network (WNN) is a novel approach to-
wards the learning function. Wavelet networks, which com-
bine the wavelet theory and feed-forward neural networks,
utilize wavelets as the basis function to construct a network.
Wavelet function is a local function and influences the net-
works’ output only in some local ranges. The wavelet neural
network shows surprising effectiveness in solving the conven-
tional problems of poor convergence or even divergence en-
countered in other kinds of neural networks [40]. Guo et al.
have used WNN for prediction of driving forces of a-cyclo-
dextrin complexation with benzene derivatives [41] and the in-
clusion of B-cyclodextrin with benzene derivatives [42].

The topological structure of the WNN employed in this
study is shown in Fig. 1. The WNN consists of three layers:
input layer, hidden layer and output layer. The calculation
steps of WNN have been given in Ref. [40]. In brief, the con-
nections between input—hidden units and hidden—output units
are called weights u,; and w,, respectively. A Morlet mother
function is used as node activation function for the hidden
layer. The dilation and translation parameters, a, and b,, of
the Morlet function for each node in the hidden layer are dif-
ferent and they need to be optimized. In the WNN, the gradi-
ent descend algorithm is employed and the error is minimized
by adjusting u,;, w;, a;, and b, parameters [43]. In the WNN, the
following steps are carried out:

(1) Initializing the dilation parameter a,, translation parameter
b, and node connection weights u;, w, to some random

x(1) x(2) x(s)

Fig. 1. The WNN topology structure.

values. All those random values are limited in the interval
O, 1).
(2) Inputting data X,,(i) and corresponding output values v!,
where the superscript T represents the target output state.
(3) Propagating the initial signal forward through the network
using

T Zun‘xn(i) — b,
v, = ZW,/’I I:Ia— (3)
t

t=1

where /& is taken as a Morlet wavelet

h(t) = cos(1.75¢) exp <—t22) (4)

(4) Calculation of the WNN parameters:
OE

A S g g
M = =g+ o (6)
Ad™ = —nq aa?l S+ alha™ (7)
AP = —q 6?)? —+ aAb (8)

The error function E is taken as

E=

(=)’ ©)

N =

where vg and v,, are the experimental and calculated values, re-
spectively. N stands for the data number of training set, and 7
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Table 1

Molecular structure of azo dyes
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Dyes Molecular structure References
1 Yellow 7 @‘N=N—©—N=N4®*OH [7-8]
CH
2 Red 1 (ln-I2CH3 7
e oZN—QN=N—©—NCHZCHZOH 7
3 Orange 3 OzN_©_N=N _Q_NHz [10]
NO, OC,H,
C,H,0COCH
O N—Q—N:N N¢ 72 4 3
4 Blue 79 2 B ‘@’ C,H,0COCH, [11]
NHCOCH,
OH
5 APAN N=N—®—NH2 (61
<
6 Red 153 CIJ@\/S%N N—@—N/CZHs [12]
e = N
Cl N CH,CN
H,C_~ CN
7 Yellow 119 QN=N N\~ ° [12]
NO, HO  CHs
c CH,CH,CN
8 Orange 30 ON Q—N=N—©—N< ,CH, [13]
o CH,CH,0COCH,
cl
9 Yellow 108 . _CH,CH_~_ [13]
ol CH,CH,
cl
10 Brown 22 _ 13
rown OZNQN—NO—N(CH2CHZOH)2 [13]
cl
cl
11 Red 30 [13]
O,N N=NON(CH20H20H)2
cl
0 Red 167 oZN—©—N=N N(CH,CH,0COCH,), [13]
HCOCH,
O,N— >—N=N—</ >—
13 Violet 91 2 N(CH,CH,0COCH,), [13]
NO, NHCOCH,
CH,
o N—@—N:N—@—N/\ [15]
14 DI 2
CH,

(continued on next page)
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Table 1(continued)

Dyes Molecular structure References
CH,CH
15 D2 0 N_< >—N=N—®—N P
2 <CHZCH3 [15]
16 D3 ON—<T O N=N—<_>
<> 15]
HO
“ CH,CH
17 Red 13 ) NQN= otk 22
¢ ? NN CH,CH,OH 221
CN
18 Red 82 02N—©—N=N—©—N(CH2CHZOCOCH3)2
[23]
H,C CN
19 Modified Yellow 119 CIQNZN@I\%O
NO, HO "C,H, [23]
MO nN—<">
20 Yellow 16 \
L >—N=N—L N [24]
21 Solvent Brown 1

NH
szﬁ%é:w o
-

and « being the learning rate and the momentum term,

respectively.

(5) The WNN parameters were changed until the network out-
put satisfies the error criteria.

3. Data and methodology
3.1. Data set

The structures of the 21 azo dyes with the references to
their experimental solubility values are given in Table 1.

3.2. Descriptor selection and calculations

HyperChem (version 6) software was used to calculate
the quantum chemical and geometrical descriptors. Before
calculation of the descriptors, optimization of the molecular
structures was carried out by semi-empirical AM1 method
using the Fletcher—Reeves algorithm until the root mean
square gradient of 0.01 was obtained. The calculated de-
scriptors were electronic energy, nuclear energy, total dipole,
highest occupied molecular orbital (HOMO), lowest unoccu-
pied molecular orbital (LUMO), surface area, volume, polar-
izability, etc. In addition some topological descriptors such
as number of double bonds, number of heteroatoms and
number of carbon atoms were also calculated. The selection
of relevant descriptors, which relate solubility to the molec-
ular structure, is an important step in the construction of

a predictive model. The most feasible descriptors were se-
lected stepwisely by MLR method. In this method, the se-
lected descriptors are those, which construct a model with
minimum error. The selected descriptors with their mean

Table 2
The calculated values of different descriptors, studied in this work
Dye LUMO Volume Polarizability Number of
€eV) (A (A3 unsaturated
bonds

1 Yellow 7 —1.005 978.79 36.35 11

2 Redl —1.359 936.24 33.32 8

3 Orange 3 —1.375 717.51 2535 8

4 Blue 79 —1.980 154136 55.35 12

5 APAN —0.941  795.27 31.41 9

6 Red 153 —1.496 1076.77 41.55 9

7 Yellow 119 —1.638  885.58 31.78 9

8  Orange 30 —1.519 1186.71 42.79 10

9  Yellow 108 —1.607 1027.09 36.91 10

10 Brown 22 —1.466 1022.23 37.82 8

11 Red 30 —1.485 998.15 35.89 8

12 Red 167 —1.648 1360.42 48.51 11

13 Violet 91 —1.682 1369.16 48.42 12

14 DI —1.428  812.13 29.02 8

15 D2 —1.415 903.65 32.69 8

16 D3 —1.742  820.74 31.90 10

17 Red 82 —1.714 1238.38 43.32 11

18 Red 13 —1.558 962.80 35.25 8

19 Yellow 16 —0.654  848.89 31.45 9
20 Modified Yellow 119 —1.434  939.74 33.71 9

21  Solvent Brown 1 —0.560  809.87 32.13 9
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Fig. 2. Plots of (a) the number of neurons in the hidden layer against index number; (b) the momentum values against the index number; (c) the learning rate values
against the index number; (d) the RMSE for the prediction set against the index number.

Table 3
Experimental and calculated values of log(S) using MLR, ANN and WNN models for the prediction set
Dye P (bar) T (K) Exp. log(S) Calc. (MLR) Absolute Calc. (ANN) Absolute Calc. (WNN) Absolute
(mol/mol) log(S) (mol/mol)  error (MLR)  log(S) (mol/mol)  error (ANN)  log(S) (mol/mol)  error (WNN)
Yellow 7 150 353.15 —6478 —5.668 0.810 —5.714 0.764 —5.896 0.582
100 393.15 —-6.320 —5.925 0.395 —6.555 —0.235 —6.577 —0.257
152 333.15 —5.684 —5.689 —0.005 —5.648 0.036 —5.707 —0.023
Red 1 200 313.15 —6.191 —5.669 0.522 —6.226 —0.035 —6.034 0.157
100 393.15  —6.627 —6.184 0.443 —7.190 —0.563 —7.133 —0.506
Orange 3 149.8 323.7 —5.156 —5.925 —0.769 —5.268 —0.112 —5.513 —0.357
203.9 353.7 —5.004 -5.519 —0.515 —5.210 —0.206 —5.143 —0.139
250.6 383.7 —4.719 —5.161 —0.442 —4.652 0.067 —4.629 0.090
Blue 79 148.1 3237 —5.962 —6.612 —0.650 —6.261 —0.299 —5.905 0.057
196.7 353.7 —5.852 —6.241 —0.389 -5.930 —-0.078 —5.905 —0.053
APAN 250 353.15 —4.489 —5.115 —0.626 —4.307 0.182 —4.432 0.057
300 373.15 —4.153 —4.753 —0.600 —4.151 0.002 —4.174 —0.021
Red 153 150 353.2 —7.523 —6.342 1.181 —6.979 0.544 —7.043 0.481
Yellow 119 200 353.2 —6.349 —5.830 0.519 —6.188 0.161 —6.420 —0.071
250 393.2 —5.589 —5.433 0.156 —5.612 —0.023 —5.630 —0.041
Orange 30 350 323.15 —4.140 —4.8624 —0.722 —4.380 —0.240 —4.353 —0.213
Yellow 108 200 323.15 -5.077 —5.867 —0.790 —5.334 —0.257 —5.329 —0.252
Brown 22 350 323.15 —4.812 —4.915 —0.103 —4.748 0.064 —5.186 —0.374
Red 30 350 323.15 5372 —4.830 0.542 —4.873 0.499 —5.185 0.187
Red 167 200 373.15 —6.013 —5.840 0.173 —6.018 —0.005 —6.096 —0.083
D1 152 308 —5.562 —6.034 —0.472 —5.623 —0.061 —5.540 0.022
334 308 —5.335 —4.844 0.491 —5.392 —0.057 —5.318 0.017
213 328 —5.374 —5.600 —0.226 —5.289 0.085 —5.302 0.072
355 328 —5.007 —4.672 0.335 —5.001 0.006 —4.980 0.027
D2 304 308 —5.585 —5.087 0.498 —5.533 0.052 —5.718 —0.133
122 328 —6.292 —6.243 0.049 —6.212 0.080 —6.276 0.016
213 328 —5.654 —5.648 0.006 —5.598 0.056 -5.770 —0.116
355 348 —4.955 —4.684 0.271 —4.926 0.029 —4.866 0.089
D3 243 328 —5.839 —5.859 —0.020 —5.771 0.068 —5.682 0.157
213 348 —5.903 —6.020 —0.117 —5.852 0.051 —5.821 0.082
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effects in parentheses were pressure (1.5174), temperature
(0.6020), volume of the molecule (2.7756), LUMO energy
(—1.3148), polarizability (—3.0756) and number of unsatu-
rated bonds in the molecule (0.2683). The mean effect de-
scribes the influence of each descriptor on the MLR
model. Selection of pressure and temperature as the experi-
mental descriptors is important because the density of the
supercritical fluid, which is the key parameter to the solubil-
ity of different compounds, is related to both temperature
and pressure of the supercritical gas. Polarizability and
LUMO energy can be explained as follows: the polarization
of a molecule by an external electric field is given in terms
of the nth order susceptibility tensors of the molecular bulk.
The first order term is referred to the polarizability; the sec-
ond order term is called the first hyperpolarizability, etc.
Thus, the most significant property of the molecular polariz-
ability is its relation to the molecular bulk or molar volume
[44]. The LUMO energy is related to the second electronic
affinity of the molecule. Presumably, this descriptor is in-
volved in the formation of charge—transfer complexes be-
tween the solute and the solvent. The occupation of
a higher energy orbital might lower the electron—electron
repulsion and results in a lower overall molecular energy.
The picture of this interaction, in terms of molecular orbital
(MO), is nearly delocalization of the lone pair of electrons
lying on a nonbonding MO of the donor atom, in this case
the oxygen in carbon dioxide, into a vacant antibonding MO
of an acceptor molecule. This electronic delocalization cre-
ates a bond polarity and an electrostatic attraction which fa-
vors the solubility; therefore, the larger the extent of this
interaction the higher the solubility [45]. The volume of
the molecule is another selected descriptor and its effect
on solubility has been reported previously [32,33,35]. The
number of unsaturated bonds in the molecules is the other
relevant descriptor, which enhances the correlation coeffi-
cient between the observed and the predicted solubilities
of the model. The numerical values of these three descrip-
tors are given in Table 2. All computations were carried
out on a Pentium 4, 1.5 GHz PC computer. Multiple linear
regression analysis of molecular descriptors and logarithm
of the solubility were carried out using the stepwise strategy
in the SPSS (9.0, for Windows) software. The ANN and
WNN algorithms were written in MATLAB 6.1 (Math
Works) by the authors.

4. Results and discussion

The data set consisted of experimental values of the sol-
ubility of the 21 azo dyes at different temperatures and
pressures. The data set of 16 azo dyes was randomly di-
vided into three data sets; training, prediction and validation
sets. These sets consist of 139, 30 and 82 data, respectively.
It is necessary to emphasize that the data of the validation
set have not contributed to the optimization of the model
and is only used for evaluation of the performance of the
model.

4.1. Wavelet neural network model

The network architecture consisted of six neurons in the
input layer corresponding to the six mentioned descriptors.
The output layer had one neuron that predicts the solubility.
The number of neurons in the hidden layer is unknown and
needs to be optimized. In addition to the number of neurons
in the hidden layer, the learning rate, the momentum and the
number of iterations should also be optimized. In this work,
the number of neurons in the hidden layer and other param-
eters except the number of iterations were simultaneously op-
timized. The procedure was performed by the following way.
A MATLAB program was written to change the number of
neurons in the hidden layer from 2 to 11, the learning rate
from 0.001 to 0.1 with a step of 0.001 and the momentum

-Log (S), calculated

3 T T T
3 4 5 6 7 8

-Log (S), experimental

-Log (8), calculated

3 T T T
3 4 5 6 7 8

-Log (S), experimental

Fig. 3. Scatter plot of the calculated —log($ ) against the experimental —log(S)
for the validation set; (a) WNN model (R*=0.9189); (b) ANN model
(R>=0.8774).
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Table 4
Experimental and calculated values of log(S) using MLR, ANN and WNN models for the validation set
Dye P (bar) T (K) Exp. log(§) Calc. (MLR) Absolute Calc. (ANN) Absolute Calc. (WNN) Absolute
(mol/mol) log(S) (mol/mol)  error (MLR)  log(S) (mol/mol)  error (ANN) log(S) (mol/mol)  error (WNN)
Yellow 7 200 313.15 —5.527 —5.410 0.117 —5.638 —0.111 —5.605 —0.078
250 393.15  —4.695 —4.944 —0.249 —4.806 —0.111 —4.481 0.214
172 353.15 —-5.582 —5.524 0.058 —5.482 0.100 —5.643 —0.061
Red 1 150 353.15 —6.674 —5.926 0.748 —6.218 0.456 —6.499 0.175
250 393.15 —4.791 —5.202 —0.411 —4.606 0.185 —4.573 0.218
Orange 3 247.8 353.7 —4.739 —5.232 —0.493 —4.891 —0.152 —4.819 —0.080
148.1 413.7 —5.357 —5.779 —0.422 —5.473 —0.116 —5.863 —0.506
310.6 413.7 —4.034 —4.716 —0.682 —3.949 0.085 —3.723 0.311
Blue 79 202 383.7 —6.156 —6.154 0.002 —6.878 —0.722 —6.415 —0.259
305.1 383.7 —5.036 —5.480 —0.444 —5.485 —0.449 —5.201 —0.165
APAN 200 373.15 -5.022 —5.407 —0.385 —5.018 0.004 —4.913 0.109
Red 153 200 393.2 —6.575 —5.945 0.630 —6.323 0.252 —6.576 —0.001
Yellow 119 150 373.2 —7.127 —6.122 1.005 —6.992 0.135 —7.094 0.033
Orange 30 200 373.2 —5.757 —5.756 0.001 —5.615 0.142 —5.724 0.033
Yellow 108 350 373.15 —4416 —4.798 —0.382 —4.926 —0.510 —5.148 —0.732
Brown 22 300 323.15 —4.932 —5.242 —0.310 —4.690 0.242 —5.151 —0.219
Red 30 300 373.15 —4.690 —5.070 —0.380 —4.387 0.303 —4.684 0.006
Violet 91 200 373.15 —6.481 —5.808 0.673 —6.440 0.041 —6.266 0.215
D1 243 308 —5.442 —5.439 0.003 —5.470 —0.028 —5.412 0.030
122 328 —5.699 —6.196 —0.497 —5.819 —0.120 —5.743 —0.044
274 348 —5.010 —5.166 —0.156 —4.884 0.126 —4.961 0.049
304 328 —5.151 —5.005 0.146 —5.078 0.073 —5.075 0.076
122 318 —5.836 —6.213 —0.377 —5.770 0.066 —5.671 0.165
152 318 —5.674 —6.017 —0.343 —5.576 0.098 —5.543 0.131
182 318 —5.548 —5.821 —0.273 —5.479 0.069 —5.441 0.107
213 318 —5.456 —5.618 —0.162 —5.407 0.049 —5.359 0.097
243 318 —5.376 —5.422 —0.046 —5.352 0.024 —5.300 0.076
274 318 —5.377 —5.219 0.158 —5.306 0.071 —5.252 0.125
304 318 —5.324 —5.023 0.301 —5.269 0.055 —5.209 0.115
334 318 —5.295 —4.826 0.469 —5.238 0.057 —5.163 0.132
355 318 —5.206 —4.689 0.517 —5.220 —-0.014 —5.124 0.082
122 338 —5.782 —6.178 —0.396 —5.940 —0.158 —5.836 —0.054
152 338 —5.682 —5.982 —0.300 —5.561 0.121 —5.623 0.059
182 338 —5.472 —5.786 -0.314 —5.357 0.115 —5.434 0.038
213 338 —5.306 —5.583 —0.277 —5.205 0.101 —5.270 0.036
243 338 —5.182 —5.387 —0.205 —5.086 0.096 —5.142 0.040
274 338 —5.094 —5.184 —0.090 —4.983 0.111 —5.038 0.056
304 338 —4.987 —4.988 —0.001 —4.900 0.087 —4.958 0.029
334 338 —4.921 —4.791 0.130 —4.829 0.092 —4.891 0.030
355 338 —4.861 —4.654 0.207 —4.785 0.076 —4.846 0.015
D2 152 308 —5.951 —6.082 —0.131 —5.767 0.184 —6.046 —0.095
243 308 —5.676 —5.486 0.190 —5.597 0.079 —5.861 —0.185
182 348 —5.818 —5.816 0.002 —5.690 0.128 —5.903 —0.085
274 348 —5.151 —5.214 —0.063 —5.187 —0.036 —5.264 —0.113
122 318 —6.097 —6.260 —0.163 —6.064 0.033 —6.199 —0.102
152 318 —5.903 —6.064 —0.161 —5.822 0.081 —6.065 —0.162
182 318 —5.780 —5.868 —0.088 —5.711 0.069 —5.949 —0.169
213 318 —5.706 —5.665 0.041 —5.633 0.073 —5.843 —0.137
243 318 —5.564 —5.469 0.095 —5.573 —0.009 —5.750 —0.186
274 318 —5.541 —5.266 0.275 —5.521 0.02 —5.657 —0.116
304 318 —5.533 —5.070 0.463 —5.480 0.053 —5.563 —0.030
334 318 —5.388 —4.874 0514 —5.445 —0.057 —5.459 —0.071
355 318 —5.360 —4.736 0.624 —5.424 —0.064 —5.377 —0.017
122 338 —6.553 —6.226 0.327 —6.393 0.16 —6.361 0.192
152 338 —6.102 —6.029 0.073 —5.938 0.164 —6.122 —0.020
182 338 —5.830 —5.833 —0.003 —5.711 0.119 —5.905 —0.075
213 338 —5.627 —5.630 —0.003 —5.548 0.079 —5.707 —0.080
243 338 —5.409 —5.434 —0.025 —5.423 —-0.014 —5.539 —0.130
274 338 —5.322 —5.231 0.091 —5.316 0.006 —5.385 —0.063
304 338 —5.206 —5.035 0.171 —5.230 —0.024 —5.251 —0.045
334 338 —5.127 —4.839 0.288 —5.156 —0.029 —5.122 0.005
355 338 —5.068 —4.701 0.367 —5.112 —0.044 —5.033 0.035

(continued on next page)
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Tabel 4 (continued )

Dye P (bar) T (K) Exp. log(S) Calc. (MLR) Absolute Calc. (ANN) Absolute Calc. (WNN) Absolute
(mol/mol) log(S) (mol/mol) error (MLR) log(S) (mol/mol) error (ANN) log(S') (mol/mol) error (WNN)
D3 152 328 —6.319 —6.454 —0.135 —6.164 0.155 —6.248 0.071
355 328 —5.561 —5.126 0.435 —5.538 0.023 —5.788 —0.227
334 348 —5.362 —5.229 0.133 —-5.319 0.043 —5.427 —0.065
152 338 —6.301 —6.437 —0.136 —6.254 0.047 —6.361 —0.060
182 338 —6.125 —6.240 —0.115 —5.987 0.138 —6.054 0.071
213 338 —5.845 —6.038 —0.193 —5.829 0.016 —5.815 0.030
243 338 —5.752 —5.841 —0.089 —5.710 0.042 —5.661 0.091
274 338 —5.614 —5.638 —0.024 —5.605 0.009 —5.577 0.037
304 338 —5.511 —5.442 0.069 —5.517 —0.006 —5.560 —0.049
334 338 —5.455 —5.246 0.209 —5.440 0.015 —5.591 —0.136
355 338 —5.403 —5.109 0.294 —5.392 0.011 —5.633 —0.230
122 358 —6.658 —6.598 0.060 —7.569 —-0.911 —6.798 —0.140
152 358 —6.328 —6.402 —0.074 —6.711 —0.383 —6.368 —0.040
182 358 —5.896 —6.206 —0.310 —6.235 —0.339 —5.983 —0.087
213 358 —5.654 —6.003 —0.349 —5.951 —0.297 —5.649 0.005
243 358 —5.545 —5.806 —0.261 —5.742 —0.197 —5.397 0.148
274 358 —5.420 —5.604 —0.184 —5.559 —0.139 —5.212 0.208
304 358 —5.322 —5.407 —0.085 —5.406 —0.084 —5.103 0.219
334 358 —5.228 —5.211 0.017 —5.272 —0.044 —5.053 0.175
355 358 —5.190 —5.074 0.116 —5.186 0.004 —5.047 0.143

from 0.1 to 0.99 with a step of 0.01. The root mean square
errors (RMSE) for training and prediction sets were calcu-
lated for all of the possible combination of values for the
mentioned variables. Fig. 2 shows changes in the variables
against the index number. Each index number corresponds
to a combination of variable values and total number of in-
dex number is equal to the possible combinations for variable
values. In Fig. 2 a subset of index numbers are shown. The
RMSE for prediction set for each index number are calcu-
lated and the results for a subset of index numbers are shown
in Fig. 2d. It was realized that the RMSE for the training and
prediction sets are minimum when eight neurons were se-
lected in the hidden layer and the learning rate and the mo-
mentum values were 0.056 and 0.95, respectively. Finally, the
number of iterations was optimized with the optimum values
for the variables. It was realized that after 5800 iterations, the
RMSE for prediction set were minimum. The calculated ab-
solute errors for the prediction set are given in Table 3. The
performance of the model was evaluated by plotting the es-
timated vs. experimental solubility values for the validation
set (Fig. 3). The absolute errors for the validation set are
given in Table 4. The RMSE and mean absolute errors
were 0.220 and 0.158 for prediction set and 0.156 and
0.114 for validation set, respectively.

4.2. Artificial neural network method

In order to compare the predictive ability of WNN with an-
other nonlinear model, a similar study was carried out using
ANN model. A neural network was constructed with a sigmoid
function as the hidden transfer function and a linear function
as the output transfer function. A back propagation learning al-
gorithm was employed to adjust the weights. The ANN archi-
tecture and its parameters were optimized simultaneously as

the same as WNN. It was realized that the RMSE for the train-
ing and prediction sets are minimum when eight neurons were
selected in the hidden layer, and when the learning rate and the
momentum values were 0.025 and (.74, respectively. The
RMSE for prediction set were minimum after 9000 iterations.
The calculated absolute errors for the prediction and validation
sets are presented in Tables 3 and 4, respectively. The RMSE
and mean absolute errors were, respectively, 0.250 and 0.164
for prediction set and 0.197 and 0.126 for validation set.
The performance of the model was also evaluated by plotting
the solubility estimated by the model against those of the ex-
perimental values for the validation set (Fig. 3).

The results show that the WNN converge faster than ANN
and the mean absolute error for the test set is smaller in WNN
compared to ANN.

4.3. Prediction of solubilities for new azo dyes

The capability of the model was also evaluated for predic-
tion of the solubility of five azo dyes, their data were not used
in any of the previous data sets. These azo dyes were Solvent
Brown 1, Red 82, Red 13, Modified Yellow 119 and Yellow
16. The structures of these dyes are given in Table 1. The cal-
culated descriptors for these dyes are presented in Table 2. The
constructed WNN model was used to predict the solubility of
these dyes. The mean absolute errors were 0.349 for Yellow
16, 1.23 for Solvent Brown 1, 0.61 for Red 82, 0.27 for Mod-
ified Yellow 119 and 0.98 for Red 13.

5. Conclusions

Only one WNN model was constructed to predict the solu-
bility of 16 azo dyes in supercritical carbon dioxide over
a wide range of pressures (100—355 bar) and temperatures
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(308—413 K). The performance of the model was evaluated by
the validation set and also with a data set, the molecules and
data of which were new for the model. The ability of the
WNN model was also compared with ANN and MLR models.
It was demonstrated that WNN is superior to ANN and ANN
has a better performance than MLR.
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