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The first reported hybrid artificial neural network-genetic algorithm (ANN-GA) approach for the
optimization of on-capillary dipeptide derivatization is presented. More specifically, genetic
optimization proved valuable in the determination of effective network structure with three defined
parameter inputs: (i) phthalic anhydride injection volume, (ii) time of injection, and (iii) voltage, for the
maximum conversion of the dipeptide p-Ala-p-Ala by phthalic anhydride. Results obtained from the
hybrid approach proved superior to an ANN model without GA optimization in terms of training data
and predictive ability. The model developed will likely prove useful for the analysis of other organic-

based reaction systems.

1. Introduction

The past three decades have shown great developments in
capillary electrophoresis (CE) providing the analytical chemist
with a vast array of applications and techniques to choose from
when analyzing and/or separating mixtures of a variety of
different types of materials."® Analysis of microreactions in an
open-tubular format is one area that the small sample require-
ments of CE has allowed for facile study of a myriad of
compounds.®?? A variety of both enzyme-catalyzed and organic-
based reactions have been detailed that demonstrate the ease in
chemically modifying a molecule with subsequent detection
generally by UV-means."* !’ For the former, the pioneering work
of Regnier and co-workers laid the ground work for the tech-
nique termed electrophoretically mediated microanalysis
(EMMA).'*12 Here, differential electrophoretic mobilities of
analyte and reagent(s) are used to merge zones of both within the
capillary, thereby mimicking a ‘reaction’ but at the microscale.
The technology has primarily focused on biochemical applica-
tions thereby yielding enzyme activities, Michaelis and inhibition
constants. 81923

In the latter (non-enzyme-based reactions) there has been less
work which is peculiar given, one, the vast number of organic
reactions that exist and, two, the potential for high-throughput
syntheses (albeit at the micro-level) of vast numbers of drug and
other targets.>*?*> The separation and detection of these species is
now trivial as CE can provide various separation mechanism(s)
much like HPLC and can be coupled to an array of detector
systems. Yet, determining the best conditions for separation can
still be a tedious task complicated by the potential variables
involved in methodological development. Electrophoretic-based
techniques require attention be given to a host of parameters in
order to ascertain the optimal possible conditions for a given
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application. For example, voltage, capillary length and buffer
composition are critical in the separation of molecular species.
However, information processing techniques such as artificial
neural networks (ANNs) that provide non-linear modeling of
response surfaces and optimization of electrophoretic condi-
tions, especially in regards to on-capillary derivatization, are
limited. Few single-step organic reactions have been examined by
EMMA-type methods, and of these, none has involved the use of
an ANN. Incorporating ANN would be an important advance-
ment of the microreactor concept and would broaden the types
of molecules that could be studied using this analytical tech-
nique. Herein, we describe the use of an ANN in the on-capillary
derivatization of a single-step organic reaction (Fig. 1). More
specifically, we employed the use of a hybrid artificial neural
network-genetic algorithm (ANN-GA) approach in the deriva-
tization of the dipeptide p-Ala-p-Ala by phthalic anhydride.

2. [Experimental
2.1. Data set

Thirty-two on-capillary derivatizations were used as the study
data set. This data set was randomly divided into training (22
derivatizations), test (5 derivatizations) and validation (5 deriv-
atizations) sets. During all applications, data sets were converted
by normal transformation (mean 0, standard deviation 1). All
data were cross-checked to ensure accuracy and validity. Both
JMP (SAS, Inc., USA) and MATLAB 7.8 (The MathWorks,
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Fig. 1 Derivatization of amines by phthalic anhydride.
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USA) with Neural Network and Genetic Algorithm Toolboxes
were utilized.

2.2. Chemical reagents

Stock solutions of phthalic anhydride (5 mM) were prepared by
dissolving the solid in acetonitrile. Stock solutions of p-Ala-D-
Ala (5 mM) were prepared by dissolving in acetonitrile-water 4 :
1 v/v. Sample solutions of phthalic anhydride (1 mM) and p-Ala-
p-Ala (1 mM) were prepared by dissolving stock solution in
20 mM phosphate buffer and adjusted to pH 9.4 by the addition
of NaOH.

2.3. Instrumental procedure

In this work, all experimental analyses were carried out using a
P/ACE MDQ CE instrument (Beckman Instruments, Fullerton,
CA, USA). The capillary tubing was of uncoated fused silica with
an internal diameter of 50 um, a length from inlet to detector of
40 cm and a length from detector to outlet of 10.2 cm. Sample
solutions (6 nL) containing p-Ala-p-Ala were introduced by
pressure injection (5 seconds; 0.5 psi) into the capillary equili-
brated with buffer. Next, samples of phthalic anhydride, (3.6 nL,
8.4 nL) were introduced by pressure injection (3, 7 seconds;
0.5 psi) and electrophoresis was run at a given contact voltage

(5 and 15 kV) for the desired mixing time (0.2 and 1.0 min). The
voltage was adjusted to 25 kV to complete elution of all species.

2.4. ANN-GA strategy

Fig. 2 shows the ANN-GA strategy employing Levenberg—
Marquardt back-propagation with a sigmoid transfer function
used to search for optimal neural network architecture, and to
aid in optimizing experimental conditions for maximum
conversion to product. As ANN input, three parameters
(phthalic anhydride injection volume, time of injection and
voltage) were selected on the basis of previous univariate studies.
In addition, we carefully considered our knowledge of the
derivatization on known experimental protocols for providing
a foundation for the chosen parameters. Genetic optimization
has proven valuable in the determination of efficient neural
network structure through a population of individuals, which
evolves toward optimum solutions through genetic operators
(selection, crossover and mutation).?¢?® Shown in Fig. 2 is the
schematic flow of the ANN-GA approach with user-defined
inputs, genetic algorithm optimization and training components
incorporating the operators defined above. ANN provided
a non-linear model paradigm and the GA allowed optimization
of the input space of the ANN through the combined efforts of
topology selection, network training, evolution of weights, and
node determination. The GA operated according to a general
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Fig. 2 Schematic of the hybrid artificial neural network-genetic algorithm (ANN-GA) method.
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two-step process: (i) initialization of the population and evalu-
ation of each member of the initial population, and (ii) repro-
duction until a stopping condition was met. More detailed
description is provided below.

An initial population of random binary strings, each of which
represented a specific neural network topology and set of training
parameters, were defined. The fitness of each trained network
was calculated by:

Fitness = W, fu(é) + W, fi(f) (1)

where f.(é) = the error between real output and ANN output,
fi() = the training time of ANN, and W, and W, = suitable
values of weight. According to the fitness observed, the GA
selected a new group of strings, which ultimately represented the
parents of the next generation of the GA with an assigned
probability of reproduction.

The strings were then subjected to the evolutionary operators
defined above. Crossover is one of the most important GA
operators that combines two chromosomes (parents) to produce
a new chromosome (offspring). The crossover process occurs
during evolution according to a user-definable crossover prob-
ability. For this study, a two-point crossover approach, one that
calls for two points to be selected on the parent organism string,
was utilized. The mutation process ensures that the probability of
searching regions in the problem space is never zero and prevents
complete loss of genetic material through reproduction and
crossover. The above process was repeated until the maximum
number of generations was reached. Once reached, the best string
that gave the maximum fitness or minimum mean square error
(MSE) was considered appropriate. The MSE was calculated as:

MSE = SSE/n 2

where SSE is the sum of squares error given by:
SSE = Z{w,.(y,. —f,-)z} 3)
i1

where y; is the observed data value and f; is the predicted value
from the fit. The parameter w; is the weighting applied to each
data point, usually w; = 1. For objective appreciation, synaptic
weights and bias were initialized to 0.01 and 0.1, respectively. GA
configuration values included a population size of 30, maximum
generation of 100, a crossover probability of 0.5, and a mutation
probability of 0.01.

3. Results and discussion

The optimal ANN architecture, realized in 20 generations,
included three hidden neurons and an MSE of 0.193. Fig. 3
shows a plot of MSE versus generations for this optimized
genetic algorithm run. Fig. 4 presents a plot of experimental peak
areas versus peak areas predicted by ANN-GA for training and
verification of the optimum architecture. As justification for our
model, we ran a back-propagated ANN without GA optimiza-
tion and compared this to our ANN-GA in terms of training
data. ANN training was an iterative process in which the
network was given the desired inputs along with correct outputs
for those inputs. Weights were evaluated and adjusted to produce

the correct output within a reasonable error margin. Training
continued until the total error across the training set was below
a specified maximum.

The ANN model proved inferior to the ANN-GA approach in
terms of fitting (+* = 0.87 (n = 10) vs. ¥* = 0.96 (n = 10)) as well as
predicting abilities (+* = 0.90 (n = 10) vs. 1 = 0.94 (n = 10)). The
ANN model was also inferior in terms of the MSE (mean MSE =
0.227 (n = 10) vs. mean MSE = 0.197 (n = 10)). Sensitivity
analyses of ANN-GA were performed to specify appropriate GA
parameters (random number, crossover probability, mutation
probability) to ensure efficiency of the solution process and
global optimality of the obtained solution.

From the data patterned by the ANN-GA, a response surface
was generated for the two interactive factors (phthalic anhydride
injection volume and voltage), with interaction significance
determined by an initial 2* full factorial screening design (data
not shown). The response surface profiling facility was used for
determining optimum values resulting in a predicted peak area
maximum (180 092). Validation of experimental results was
accomplished by performing electrophoresis of p-Ala-p-Ala and
phthalic anhydride at experimental conditions dictated by the
ANN-GA model. A series of three replicate experiments using
the ANN-GA model predicted that optimal conditions were
performed. Here, sound statistical evidence was obtained by
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Fig. 3 Plot of best mean square error (MSE) versus number of genera-
tions.
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Fig. 4 Plot of experimental peak areas versus peak areas predicted by
ANN-GA for training and verification.
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Fig. 5 Representative electropherogram of the reaction product 0-CO,-
C¢Hy-D-Ala-p-Ala derivatized by phthalic anhydride. Reaction was
carried out in 20 mM phosphate buffer (pH 9.4). The total analysis time
was 6.2 min at 25 kV (145.4 pA) using a 40.0 cm (inlet to detector) coated
capillary. The peak marked * is unreacted peptide.

good RSD values (typically <5%) between replicates and overall
agreement (replicate 1 = 4.7%, replicate 2 = 2.5% and replicate
3 = 6.9%) between model predicted and experimental derivati-
zation. A representative electropherogram from replicate 3 is
shown in Fig. 5. Here, the derivatization of p-Ala-p-Ala by
phthalic anhydride is nearly complete as little peptide is observed
in the electropherogram.

To this end, such a study provides guidance for the develop-
ment and application of ANN-GA tools that can increase the
robustness and transparency, and therefore confidence and
acceptance of ANN modeling techniques as methods for opti-
mizing on-capillary derivatization of single-step organic reac-
tions. Current work is focused on expanding the present
methodology for analysis of other organic-based reaction
systems including multi-step ones, and in examining other
parameters associated with said reactions. Finally, we acknowl-
edge that as a general-purpose optimization tool, genetic algo-
rithms will likely be applicable to, and aid in, other types of
neural networks for which evaluation functions can be derived.
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