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Abstract

The application of multilayer perceptron artificial neural networks (MLP ANN) based on genetic input selection for quantification of the
unresolved peaks in micellar electrokinetic capillary chromatography (MECC) is reported. An optimization strategy for genetic input selection
was also proposed. When the corresponding CE peaks cannot be resolved completely only by separation techniques, MLP ANN based c
genetic input selection can be a suitable tool to resolve the problem. Both the spectra and the electrophoretograms of the unseparated analy
were used as the multivariate input data. The two kinds of the data were suitable for quantification of overlapped CE peaks by MLP ANN
based on genetic input selection. The study also shows that the applying of genetic input selection in MLP ANN can improve the precision
of quantification in both completely and partially overlapped CE peaks to some extent.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction profiles recorded at given wavelength or the spectrochro-
matograms taken at the maximum of the peaks have been

Capillary electrophoresis (CE) has been a promising sep-employed as multivariate daf]. Artificial neural networks
aration technique in the field of analytical chemidtty The (ANN) have been increasingly applied in different separa-
analytes studied in CE should be resolved completely for tion techniques recently. ANN has shown its unique merits
guantitative analysis. But sometimes the completely elec-in capillary zone electrophoresis (CZE9-11], MECC
trophoretic separation is difficult or impossible. In these [12] and high performance liquid chromatography (HPLC)
cases, resolution based on chemometrics is necessary anfl3,14]. Moreover, ANN can also be used to improve the
suitable. precision of analysis in CEL5,16]. In the field of quantifi-

To improve the quantification of overlapped peaks in CE cation in unresolved peaKk8] and chiral separation in CE
and other separation techniques, different chemometrics[17], ANN can also give better calculated results. ANN is
methods have been applied. Partial least squares regressiooalled “soft modeling” tool, without knowing or establish-
(PLS) has been proven to be a powerful tool to improve ing an explicitly defined mathematical modél8], which
the quantification in poorly resolved peaks in different sep- makes it be applied widely in chemistry and separation sci-
aration techniquef2—4], multilinear regression (MLR) has ence. In the authors’ laboratory, other mathematical models
also been used successfully in quantification in overlappedbased on chemometrics have been developed to resolve the
peaks[5]. Kalman filtering[6] and time domain derivative  overlapped peaks in CA9,20].
chromatogramg7] can also be employed to improve the Although ANN can be used for multicomponent analysis
resolution of the unresolved peaks. The chromatographic[21], its multivariate input data (corresponding spectra of the

selected wavelengths or spectrochromatograms) may cause
“over fitting” of the trained network§?2]. In order to avoid
* Corresponding author. Fax:86 29 8830 3448. “over fitting” and improve the calculated results of ANN,
E-mail addresshuali@nwu.edu.cn (H. Li). it is necessary to select the suitable input parameters from
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all the input data available. Generally speaking, the perfor- The initial search direction of CGD is given by:

mance of a network can be improved by reducing the number

of inputs, even sometimes at the cost of losing some input 0="80 (1)

information. The problem can be resolved by two possible sypsequently, the search direction is updated using the

approaches. One is to retain all the input parameters, butpo|ak—Rebiere formulgg6]:

compact them into a smaller number in order to avoid losing

any important input information. The other is to identify the djt1 = —gj+1+ Bjd; ()

input parameters that are not important to the performance T ' '

of the networks, and then remove the less important input Bj = 8j+1(8j+1~ &)

parameters from the input data. The second approach can g]ng

be performed by genetic algorithm (GA), which is an opti-

mization strategy to search for binary strings efficiently. GA 2.2. Genetic algorithm

is a chemometrical technique based on Darwin’s evolution

rule to simulate the evolution of a population. GA has been  Genetic algorithm is a global optimization algorithm. It

used in wavelength selection for multicomponent determi- searches for optimal binary strings by operating initially

nation by PLY23], in selecting variables for a PLS regres- random population of the binary strings. The search process

sion model[24], and to select some predictor variables for is composed of artificial mutation, crossover and selection.

PLS model in differential pulse polarograpfb]. GA was GA is a kind of simulation of the evolution of a population

also applied in principal component selection for principal in nature based on Darwin’s evolution 148/7].

component regression (PCR6-28]. Moreover, the com- In the algorithm, each binary string represents a mask,

bination of GA and ANN to improve the calibration of the which determines what kind of input parameters should be

vapor concentrations of three analytes in ternary mixtures employed to construct the neural networks. In a binary string,

has been reportef29]. Despite the applications of GA to  “0” indicates that the input parameter should be abandoned,

optimize the ANN model$30,31], as far as we know, ge- and “1” means that the parameter is necessary for the neu-

netic input selection for ANN applied in CE of overlapped ral networks. For example, for nine original input parame-

peaks has not been reported. Therefore, in this paper, weters represented by a binary mask 100100001, the first, the

have applied ANN approach with genetic input selection to fourth, and the ninth input parameter should be regarded

achieve the quantitative analysis of overlapped CE peaks. as the suitable input data to corresponding neural networks,
while the other parameters should be removed from the in-
put data set.

3)

2. Theory GA randomly generates a population of such binary
strings, and then simulates the natural selection process to
2.1. Artificial neural networks search for the superior binary strings by mutation, crossover

and selection. The superior strings are bred together and

ANN is a kind of information processing chemometri- form a population of new generation. After the processing
cal technique. It simulates some properties of human brain.for several new generations, successively better strings are
ANN is often applied in the field of regression or classifi- produced. Generally, the best binary mask of the last gener-
cation. The theory of ANN has been described thoroughly ation during the GA processing is regarded as the solution
in several paperg32-34]. Although different algorithms of  of the input parameters for the neural networks.
ANN of multilayer perceptron (MLP) have been developed, In the GA for input selection of neural networks, each
conjugate gradient descent (CGD) algoritf3B] is one of mask represented by a binary string was used to construct
the most widely used. In this paper, ANN of MLP based on a training set. Generalized regression neural networks
CGD algorithm was applied to model the relationship be- (GRNN) were applied to test the training set. GRNN can
tween the concentrations of the unresolved analytes and thebe trained extremely quickly, which makes it possible to
corresponding input parameters. The theory of CGD ANN perform a large number of evaluations required by GA.
of MLP is given briefly here. ANN of MLP is composed None-linear functions can be modeled accurately using
of some logic units and the connection weights between the GRNN. Moreover, GRNN is comparatively sensitive to the
units. ANN of MLP is divided into three levels in order to inclusion of irrelevant input variables. Therefore, GRNN
understand the process of information processing. The threewas served as the fitness function of GA in this paper. The
levels are called input layer, hidden layer and output layer, standard Holland GA38] was adopted in this work.
respectively. There are some logic units in each layer. The
logic units are the basic information-processing unitin MLP 2.3. Optimization strategy
ANN. Linear post-synaptic potential (PSP) function and lo-
gistic activation function were applied in MLP ANN in this In this paper, ANN adopted a high number of input vari-
paper. The sum-squared error function monitoring the train- ables to predict the concentrations of the corresponding an-
ing process of MLP ANN was used. alytes. For this approach, problems of data analysis may be
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caused. If the number of weights of MLP ANN exceeds the on simulated annealing meth{#] and conjugate gradient
number of samples for the training of MLP ANN to some descent approad35].
extent, “over fitting” may occuf22]. In the case of a high
number of input variables, irrelevant, redundant, and noisy )
variables might be included in the input data set. On the other 3 Experimental
hand, meaningful variables could be hidd&8]. For high
number of input variables, the probability of chance correla-
tion increase§40]. At last, a high number of input variables
may prevent MLP ANN from finding optimal modeJ4$1].
Therefore, genetic input selection is necessary in order to
improve the predicted results of MLP ANN.

In this paper, the optimization strategy includes two steps.
The first step is based on parallel GA runs for the same data

set. Many variable selection strategies perform the vanablevitamin B1 and that of promethazine hydrochloride and

selection procedure only by one single run of GA. For the : : .

. : - chloroquine phosphate were prepared using corresponding
single run approach, some drawbacks will be caused despite .
. S . . volumes of acetone as solvent, and then the two mixtures
its shorter computation time. In GA, the binary strings of

the initial population are generated randomly, so different were_prepared to be e>_<per|rne_ntal samples by mixing ap
2 : . . propriate volumes of twice distilled water. The background
runs of GA often result in similar but not identical combi- .
) ) . . electrolytes (BGE) were composed of appropriate amount
nations of the input variabldd2]. GA can select irrelevant .
. ; o of KH2POy, NapB4O7-10H,0, and SDS. The concentration
variables by chance correlation even validation procedure . .
) e of SDS in the BGE system was high enough to form pseudo
was employed43]. In literature[43], it is also reported that . ; .
. L stationary phase, which assured that the mechanism of the
different runs of GA often result in similar but not the same ) .
) ) ; : electrophoretic separation was based on MECC. The pH of
variables selected due to collinearity of data. That is to say, . ) ; .
. . o the separation system was adjusted to 9.00 with appropriate
one single run of genetic input selection is not a robust ap- ; ) . .
. i . : volume of dilute hydrochloric acid. All the chemicals used
proach. The input variables that appeared in the final gen-; e experimental were analvtical reagent arade purit
eration of each GA run were collected in the process of all P Y gentg punty.

the GA runs. The variables then were ranked according 055 Apparatus and conditions

the frequency of their appearance in the last generations of

all the GA runs. In the second step, the input variables were  aj| the electrophoretic separations were performed on a
added to MLP ANN according to their frequencies selected geckman Coulter P/ACE 5500 CE instrument equipped with
by GA in a stepwise procedure, i.e. the input variable(s) 5 photo diode array detector (DAD). The range of the scan-
with the highest frequency by GA selection procedure was ning wavelength was from 190 to 600nm. The uncoated
(were) regarded as the most suitable input parameter(s) forfysed-silica capillary of Yongnian optic fiber plant (Hebei,
MLP ANN model and was (were) added to the MLP ANN ' china) was used. The total length of the capillary is 57 cm,
first, then the second highest, the third highest, and so on.an( its length to the detector is 50 cm. The inner diameter
The prediction error of MLP ANN model by the input data  of the capillary is 752m. The MECC experiments were per-
set was compared to that of a previous MLP ANN model. If formed under a constant voltage of 20 kV in normal polarity
the prediction error was descending, it was reasonable thatmode, i.e. the detector was at the negative electrode (out-
the new adopted input variable(s) was (were) acceptable forjet) side at the end of the capillary. During all the separation
the MLP ANN model. Then, the stepwise procedure was performance, the temperature in the capillary was kept con-
repeated to add the next important variable to MLP ANN gtantly at 20C. The sample solutions were injected to the
input data set until the prediction error was not improved capillary column by high-pressure approach within 6. The
significantly. The prediction error of ANN was calculated electrophoretograms were detected at 195 nm. The spectra
by the following equation: were recorded from 195 to 365 nm every 5nm.

3.1. Reagents

Dibazolum, vitamin B1, promethazine hydrochloride, and
chloroquine phosphate were purchased from Baoji Medicine
Corporation (Shaanxi, China). Compound reserpine tablets
were from Changzhou Medicine Corporation (Jiang Su,
China). Sodium dodecyl sulphate (SDS) was from Hongyan
(Tianjin, China). The mixture solution of dibazolum and

\/ Z[le(iptrue— ippred? @ 3.3. Software and data processing
\/Z;J:l(iptrue)z All the calculations of MLP ANN and the simulations
of GA input selections were carried out using Trajan soft-
where “iyue’ and “ippred” are the target and predicted value ware version 3.0 (Durham, UK). P/ACE workstation soft-
of one sample of MLP ANN, respectively, and “P” is the ware version 1.2 was applied to collect and evaluate the elec-
number of all the samples to train MLP ANN model. trophoretic data on a Pentium Ill personal computer. The
Finally, when all the suitable input variables were se- original electrophoretic data of the selected wavelength were
lected, the architecture of MLP ANN was experimentally converted to ASCII files in order to perform further mathe-
determined by Trajan Automatic Network Designer based matical processing by the P/ACE workstation software. The

Prediction error=
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data points of maximum absorbance in electrophoretograms 300000

were searched for by a library function of MATLAB 6.5. 250000

200000 |
4. Results and discussion
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tamin B1 and dibazolum are important components in com-
; ; i ; 50000
pound reserpine tablets. Under the separation conditions in
this paper, the CE peaks of the other components with ultra 0 s
violet ray absorbability in compound reserpine tablets can be 760 780 800 820 840
resolved completely. However, vitamin B1 and dibazolum ) Migration time (sec)

can only be partially separated, while promethazine hy-
drochloride and chloroquine phosphate cannot obtain their

separation at all. So quantification based on chemometrics is 300000
necessary for the four components. The electrophoretogram 250000 |
of compound reserpine tablets is showrFig. 1. 5
é 200000 -
4.1. Analysis of mixture of promethazine hydrochloride and Y 150000 |
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chloroquine phosphate in completely overlapped CE peaks 8
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hazine hydrochloride and chloroquine phosphate of one I
sample under the MECC separation conditions mentioned 0 ‘ ‘ ‘ .
above are shown iRig. 2. It is shown that the CE peaks of 190 240 290 340 390
the two compounds are completely overlapped. ® Wavelength (nm)
Fig. 2. (A) Electrophoretogram of the mixture of promethazine hydrochlo-
4.1.1. The concentrations of the mixed solution series ride and chloroguine phosphate at 195nm. (B) Spectrum of the mixture
diluted from one original concentration of promethazine hydrochloride and chloroquine phosphate from 195 to
In this case, all the concentrations of the mixed solu- 365nm.
tions were obtained by diluting one mixture. The spectra and
electrophoretograms of the binary mixtures were applied to
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Fig. 1. The electrophoretogram of compound reserpine tablets at 195nm. V: vitamin B1; D: dibazolum; C: chloroquine phosphate; P: promethazine
hydrochloride.
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predict the concentrations of the two components in the
mixed solutions by genetic input selection and MLP ANN.

4.1.1.1. Case I: Analysis of the binary mixtures by spectra.

Using DAD, three-dimensional electrophoretograms can be
recorded in CE. Therefore, quantification can be achieved
using either the electrophoretograms at a given wavelength
or spectra at some selected wavelengths. All the spectradata
were collected at the maximum of the CE peaks, and the ab-
sorbencies of 35 wavelengths (from 195 to 365 nm) formed
one input vector for each sample. In order to train MLP
ANN, 18 samples were included in the data set. Three of
al the samples selected randomly were used as test set, and
the others were training samples. So the training process
of MLP ANN can be monitored to avoid “over training”.

Under the training conditions, the Trajan software used to
perform MLP ANN training can search for the best itera-
tive times automatically. So “over training” can be avoided
conveniently. For more than 30 input parameters of MLP
ANN should be investigated, genetic input selection strat-
egy was performed. The corresponding performance param-
eters for the genetic input selection strategy are given in
Table 1. The frequency of the variables not being selected
in the last generations during 10 parallel GA runs is shown
in Fig. 3. It is clear that the input variables suggested by
GA are nearly the same. So in the second step of optimiza-
tion strategy, the input variables can be selected easily. The
prediction errors of MLP ANN versus the number of input
variables not being used are shownin Fig. 4. It isreasonable
that 28 spectra data points were the selected input variables
to MLP ANN. According to Trajan automatic network de-
signer in 1000 iteration times with unit penalty 0.01, 28:2:2
MLP ANN was constructed. The average prediction errors
of promethazine hydrochloride and chloroquine phosphate

Table 1

Y. Zhang et al./Talanta 65 (2005) 118-128

and the standard deviations (S.D.) of the prediction errors
during 10 parallel runs of the designed MLP ANN were
calculated, respectively. Moreover, the performance of the
automatically designed 35:1:2 MLP ANN under the same
operating conditions as above was al so investigated without
the optimization strategy. This time, the average prediction
errors of promethazine hydrochloride and chloroquine phos-
phatein 10 MLP ANN paralléel runs were also investigated,
so were done the S.D. of the prediction errors. All the calcu-
lated results of the two MLP ANN, the corresponding per-
formance parameters and the structures of the designed MLP
ANN are shown in Table 1. From the resultsin the table, we
can conclude that the genetic input selection improved the
predictive ability of neural networks under the investigated
conditions.

4.1.1.2. Case ll: Analysis of the binary mixtures by elec-

trophoretograms. The data points of electrophoretogram
measured at 195nm were collected from corresponding
ASCII files. At first, the maximum absorbance data point of
the electrophoretogram was searched for by a library func-
tion of MATLAB (version 6.5). Then, 22 data points were
collected symmetrically from the two sides of the maximum
data point to form the input data of electrophoretogram.
Twenty experimental samples were constructed to train the
MLP ANN, in which four samples selected randomly were
served as test set, and the others were training samples.
The performance parameters for the genetic input selection
process are given in Table 1. But this time, al of the 22
input variables should be selected to train MLP ANN ac-
cording to the optimization strategy. The 22:1:2 architecture
of MLP ANN used to calculate the predicted results was
designed automatically in 100 iteration times with the unit
penalty 0.01. The average prediction errors of promethazine

The average prediction errors of promethazine hydrochloride and chloroquine phosphate in Section 4.1.1

Compounds Case | (with GA) Case | (without GA) Case Il (with GA) Case Il (without GA)
Promethazine hydrochloride? (%) 10.32 25.88 12.73 12.73
n° 10 10 10 10
SD.° (%) 0.59 1.87 0.21 0.21
Chloroquine phosphate? (%) 10.34 25.84 12.72 12.72
n° 10 10 10 10
S.D.C (%) 0.55 1.93 0.16 0.16
MLP ANN 28:2:2 35:1:2 22:1:2 22:1:2
Generation of GA 1000 - 1000 -
Population of GA 1000 - 1000 -
Mutation rate 1 - 1 -
Crossover rate 0.3 - 0.3 -
Unit penalty factor of GA 0.01 - 0.01 -
Smoothing factor 0.3 - 0.3 -
Iteration times of design 1000 1000 100 100
Unit penalty of design 0.01 0.01 0.01 0.01

@ The average prediction error of the corresponding compound.
b The number of the parallel runs of the designed MLP ANN.
¢ The standard deviation.
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Fig. 3. The frequency of the data points not being selected by genetic input selection in Section 4.1.1.1.

hydrochloride and chloroquine phosphate in 10 parallel of the binary mixtureswere applied to predict the concentra-
MLP ANN runs, the corresponding performance parame- tions of the two anaytes in the mixed solutions by genetic
ters, the S.D. of the prediction errors and the structures of input selection and MLP ANN.
the designed MLP ANN are also shown in Table 1.

4.1.2.1. Case I: Analysis of the binary mixtures by spectra.
4.1.2. The concentrations of the mixed solution series with Asin previous case of analysis of the samples diluted from

a constant total concentration one original solution, 35 spectra data at the maximum of
In this case, the summation of the concentrations of the the overlapped CE peaks of promethazine hydrochl oride and

two analytes in each mixed solution was constant. But the chloroquine phosphate were employed to predict the con-

concentrations of the same component in different mixed so- centrations of the corresponding components. Twenty sam-

Iutions were different. The spectra and electrophoretograms ples were constructed to train the MLP neural networks,

Table 2

The average prediction errors of promethazine hydrochloride and chloroquine phosphate in Section 4.1.2

Compounds Case | (with GA) Case | (without GA) Case Il (with GA) Case Il (without GA)

Promethazine hydrochloride? (%) 4.95 5.26 7.84 7.84

nP 10 10 10 10

SD.° (%) 0.20 0.41 0.29 0.29

Chloroquine phosphate? (%) 493 5.24 7.82 7.82

nP 10 10 10 10

SD.C (%) 0.21 0.40 0.30 0.30

MLP ANN 32:2.2 35:2:2 22:1:2 22:1:2

Generation of GA 100 - 1000 -

Population of GA 100 - 1000 -

Mutation rate 1 - 1 -

Crossover rate 0.3 — 0.3 -

Unit penalty factor of GA 0 - 0.01 -

Smoothing factor 0.3 - 0.3 -

Iteration times of design 1000 1000 100 100

Unit penalty of design 0.01 0.01 0.01 0.01

@ The average prediction error of the corresponding compound.
b The number of the parallel runs of the designed MLP ANN.
¢ The standard deviation.
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Fig. 4. The optimization of the input variables in Section 4.1.1.1.

in which four samples selected randomly were served as
test set, and the others were training samples. The perfor-
mance parameters for the genetic input selection are listed
in Table 2. The genetic input selection procedure suggested
that three spectra data points should be abandoned in con-
structing the training data set of MLP ANN. Moreover, 20
paralel GA runs gave the same suggestions. Then, it was
reasonable that the second step of the optimization strat-
egy can be omitted. For the 32 input variables of spectra
data, a 32:2:22 MLP ANN was designed by Trajan auto-
matic network designer with 1000 iteration times and the
unit penalty 0.01. However, when no optimization strategy
for input variables was applied, a35:2:2 architecture of MLP
ANN was designed automatically using the same parameters
as above. All the calculated results of the two automatically
designed MLP ANN in 10 parallé runs, the corresponding
performance parameters, and the structures of the designed
MLP ANN are included in Table 2. The calculated results
of this part also indicate that MLP ANN with the optimiza-
tion strategy can give better-predicted results by fewer input
variables.

4.1.2.2. Case II: Analysis of the binary mixtures by elec-

trophoretograms. When the suitable data points in the
ASCI!I file of the electrophoretogram were collected to form
an input data set, 22 channels of a datawindow were used as
inputs to MLP ANN. Twenty samples were applied to train
the MLP ANN, in which four samples selected randomly
were served as test set, and the others were training sam-
ples. The optimization strategy was a so applied to the input
variable selection with the identical performing parameters
as those being used in Section 4.1.1.2. But the optimization
strategy still suggested that no input variables should be re-
moved from the input data set. During 100 iteration times, a
22:1:2 MLP ANN was designed with the unit penalty 0.01.
The calculated results by the MLP ANN of this section, the
corresponding performance parameters, and the structures
of the designed MLP ANN were also shown in Table 2.
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Fig. 5. (A) Electrophoretogram of the mixture of vitamin Bl and
dibazolum at 195 nm. (B) The spectrum of dibazolum from 195 to 365 nm.
(C) The spectrum of vitamin B1 from 195 to 365nm.

4.2. Analysis of mixture of vitamin B1 and dibazolum in
partially overlapped CE peaks

Vitamin B1 and dibazolum were partially separated un-
der the performance conditions of MECC. The electrophore-
togram and the spectrum of the two compounds being mea-
sured in one sample by DAD are shownin Fig. 5. Therefore,
both the electrophoretograms and the spectra can be used in
guantification of the two compounds in partially overlapped
CE pesksby MLP ANN approach. Seventy data points at the
maximum of CE peakswere applied astheinput spectradata
to MLP ANN. The first 35 data was from vitamin B1, and
the other 35 belongs to dibazolum. For partially resolved CE
peaks of binary mixtures, two local maximum absorbance
data points appear in the ASCII file of the corresponding
electrophoretogram. The two data points can be searched for
using alibrary function of MATLAB (version 6.5). The data
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Fig. 6. The frequency of input variables not being selected by genetic input selection in Section 4.2.1.1.

points of the two local maximum values and those between
and outside the two local maximum peaks were collected to
form an input vector of electrophoretogram. The absorbance
data points outside the two maximum points were selected
symmetrically. Like the previous part of the paper dealing
with the quantification of promethazine hydrochloride and
chloroquine phosphate in their completely overlapped CE
peaks, the quantification of vitamin B1 and dibazolum in

Table 3

The average prediction errors of vitamin B1 and dibazolum in Section 4.2.1

their partially overlapped CE peakswas also investigated un-
der the two conditions, i.e. one series of the concentrations
of the two compounds being studied in their mixed solutions
were obtained by diluting one original mixed solution, and
the other series of the concentrations of the mixed solutions
of the two components being investigated had a constant
total concentration in each solution athough the concentra-
tions of each component in different solutions were varied.

Compounds Case | (with GA) Case | (without GA) Case Il (with GA) Case Il (without GA)
Vitamin B1? (%) 4.28 12.34 521 6.58
nP 10 10 10 10
S.D.C (%) 0.75 0.87 053 171
Dibazolum? (%) 4.28 12.47 5.20 6.63
n° 10 10 10 10
S.D.S (%) 0.72 0.84 0.49 1.72
MLP ANN 64:1:2 70:1:2 29:1:2 40:1:2
Generation of GA 1000 - 1000 -
Population of GA 1000 - 1000 -
Mutation rate 1 - 1 -
Crossover rate 0.3 - 0.3 -
Unit penalty factor of GA 0.01 - 0.01 -
Smoothing factor 0.3 - 0.3 -
Iteration times of design 100 100 100 100
Unit penalty of design 0.01 0.01 0.01 0.01

@ The average prediction error of the corresponding compound.
b The number of the parallel runs of the designed MLP ANN.
¢ The standard deviation.
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The prediction errors of ANN (%)
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The number of input variables not being selected
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input variables not being selected
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Fig. 7. The optimization process of input variables in Section 4.2.1.1.

In Section 4.2.1, the concentrations of the two componentsin
their mixed solutions under the first experimental conditions
were predicted by the proposed MLP ANN approach. The
frequencies of the input variables not being selected during
20 parallel GA runs are shown in Fig. 6. In the second step
of the optimization strategy, the process of input variable
optimizationisshownin Fig. 7. All the predicted results, the
structures of the automatically designed MLP ANN and the
corresponding performance parameters are listed in Table 3.
In Section 4.2.2, the concentrations of the two compounds
in their mixed solutions prepared according to the second

Table 4

The average prediction errors of vitamin B1 and dibazolum in Section 4.2.2

experimental conditions were investigated. The correspond-
ing results are given in Table 4.

In the two tables, corresponding spectra data were used
as input variables to MLP ANN in Case |, and the elec-
trophoretogram data were input to MLP ANN in Case II.
Under each of the investigated conditions, 20 samples were
used to train the corresponding MLP ANN. Four of the 20
samples selected randomly were served as test set, and the
others were training samples. From the calculated resultsin
the two tables, we can a so conclude that the predictive abil-
ity of MLP ANN was improved to some extent applying the
proposed input selection strategy based on GA in the exper-
imental conditions investigated in this paper.

5. Prediction of the concentrations in experimental
samples

The proposed approach was applied to the quantification
of vitamin B1 and dibazolum, promethazine hydrochloride
and chloroquine phosphate in their mixed solutions under
the experimental conditions investigated above. The input
variables of spectra or electrophoretograms were selected
according to the proposed optimization strategy. The sam-
ples, of which concentrations were to be predicted, were se-
lected randomly. Moreover, the samples to be investigated
were not included in the training set of corresponding net-
works. The performance was based on leave-one-out cross
validation strategy [45], i.e. only the sample to be predicted
was removed from the training set of MLP ANN. The com-
parisons of the target and predicted concentrations of all
samples being studied are shown in Fig. 8.

The results show that the predicted concentrations are
in good consistent with the target values for both the

Compounds Case | (with GA) Case | (without GA) Case Il (with GA) Case Il (without GA)
Vitamin B1? (%) 6.13 6.51 6.70 7.45
n° 10 10 10 10
SD.° (%) 0.29 127 0.33 0.74
Dibazolum? (%) 6.11 6.52 6.70 7.45
n° 10 10 10 10
S.D.C (%) 0.29 1.25 0.33 0.74
MLP ANN 63:1:2 70:1:2 50:1:2 55:1:2
Generation of GA 1000 - 1000 -
Population of GA 1000 - 1000 -
Mutation rate 1 - 1 -
Crossover rate 0.3 - 0.3 -
Unit penalty factor of GA 0.01 - 0.01 -
Smoothing factor 0.3 - 0.3 -
Iteration times of design 100 100 100 100
Unit penalty of design 0.01 0.01 0.01 0.01

@ The average prediction error of the corresponding compound.
® The number of the parallel runs of the designed MLP ANN.
¢ The standard deviation.
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Fig. 8. The predicted concentrations vs. the target concentrations.

spectrum and electrophoretogram data as input variables.
Further more, the results also proved that the four analytes
could be quantified in overlapped MECC peaks by the pro-
posed MLP ANN approach based on genetic input selection.

6. Conclusions

Quantification of multicomponent in MECC is possible
even in the case of overlapped peaks by meansof MLP ANN
approach. The data from spectraor electrophoretograms was
suitable for MLP ANN prediction. Moreover, the predicted
results of MLP ANN were improved to some extent apply-
ing the input optimization strategy based on genetic input se-
lection. At the same time, the structures of MLP ANN were
simplified by removing the unnecessary input variablesfrom
the input data sets. The proposed approach was also tested
using a leave-one-out cross validation procedure. The cal-
culated results indicate that GA—MLP ANN approach was
a promising tool to resolve overlapped CE peaks even ap-
plying a simpler network. Then, the quantification of corre-
sponding analytes can be achieved in the case of unresolved
CE peaks. That is to say, the time consumption in searching
for optimal experimental conditions can be shortened when
complete separation of some components is difficult.
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