ELSEVIER

Available online at www.sciencedirect.com

ScienceDirect

Carbohydrate
RESEARCH

Carbohydrate Research 343 (2008) 1359-1365

Artificial neural network aided estimation of the electrochemical
signals of monosaccharides on gold electrode

Fereydoon Gobal* and Amin Sadeghpour Dilmaghani

Department of Chemistry, Sharif University of Technology, PO Box 11365-9516, Tehran, Iran

Received 14 January 2008; received in revised form 2 March 2008; accepted 5 March 2008
Available online 13 March 2008

Abstract—Artificial neural networks were used to predict the oxidation peaks potentials of 7 monosaccharides under linear sweep
voltammetry regime. Two sets of descriptors, one based on molecular properties calculated through DFT and another based on
simple geometric distributions of hydroxyl groups and asymmetric carbon atoms along molecular chains, were employed to intro-
duce the molecules to networks. Relatively, simple networks of (3,3,1) and (3,3,3,1) structures with the number of epochs not exceed-
ing 15 through training process were capable of correctly predicting the peaks positions with R values in the range of 0.97-0.99.
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1. Introduction

Monosaccharides are the building blocks of biologically
and industrially important compounds and the investi-
gation of their redox properties is of importance. Mono-
saccharides contain aldehyde, primary and secondary
hydroxyl groups and the electrochemical reactivity of
these functional groups strongly influence the total
electro-oxidation behavior of the molecules. Electro-
oxidation of monosacchaides' and some relevant com-
pounds” on gold electrode in alkaline solution have been
studied in detail aiming at the establishment of struc-
ture—reactivity relationship. In these studies, the method
of linear sweep voltammetry has been employed and
peaks positions in the current—potential plots have been
correlated with the structures. Rather limited success
has been met. The purpose of the present work is to
use the method of artificial neural network to correlate
the peak position in anodic linear sweep voltammo-
grams of monosaccharides electro-oxidation to their
fundamental properties.

Artificial neural network (ANN) arises from attempts
to mimic the functioning of human brain and is in prin-
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cipal capable of firstly learning and secondly predicting
the relations between sets of factors and responses even
though there is no theoretically defined inter-relations or
relations are nonlinear.> An ANN consists of a number
of neurons (nodes) distributed into input, hidden, and
output layers and there are connections between layers
with weights signifying the strength of the signal flowing
into the nodes. The response of a node, the signal it
sends down the layers, is controlled by comparing its
output against some pre-set function that normally is a
sigmoid. Having provided the input, the algorithm sets
the weights so that the output is within an acceptable
errors limit of the experimental output (supervised
learning). In this work, feed forward back propagation
algorithm with a tansigmoid activation transfer function
has been used.’

2. Methods

To introduce the monosaccharides to a neural network,
proper descriptors sensibly signifying their characteris-
tics are required. The mission of ANN would then be
to express the oxidation peak potential obtained under
the regime of linear sweep voltammetry (LSV) in terms
of some function of the descriptors.
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The LS voltammograms of monosaccharides, Figure
la and b, were obtained from the literature' where only
the first potential sweep data have been considered due
to the changes experienced upon repeated sweeps that
are probably due to the fouling of the electrode. Poten-
tial sweeps in the range of 0-1.5 V/RHE and potential
sweep rates of 5-50mVs~' have been employed.
According to the existing literature three regions in the
votammograms of monosaccharides containing all elec-
trochemically active functional groups can be resolved
at 50mVs~! sweep rates. In region A (E<0.9V/
RHE), the electro-oxidation of aldehyde hydrate (or
hemiacetal) at carbon no. 1 occurs. In region B
(0.9 < E< 1.1 V/RHE) the current peak is due to the
oxidation of primary hydroxyl groups. Vicinal diols oxi-
dation leading to the cleavage of C—C bond occurs in the
range of 1.1-1.3 V/RHE and named region C. Under-
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standably, the peaks tend to merge as the potential
sweep rates are increased. Figure la and b present the
voltammograms of 7 monosaccharides.’

Asymmetric peaks in the range of 0.9-1.5 V/RHE
have been resolved to two peaks while three overlapping
peaks of arabinose in the range of 0.7-0.9 V/RHE are
merged to form a broad and asymmetric peak (similar
to other monosaccharides) suitable for ANN analysis.
Table 1 presents the ultimate peaks positions.

As for the selection of descriptors the method of den-
sity function theory (DFT) has been employed to first
optimize the structures, then to calculate the energetic
and electronic properties of the sugar molecules. In this
regard, DFT calculation based on B3LYP algorithm
was performed using 6-31G(d) basis set with GAUSSIAN
98 software.* A computer program based on Leven-
berg-Marquardt algorithm was written in Matlab
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Figure 1. (a) Anodic linear sweep voltammograms of gold in the presence of 10 mM p-allose, D-glucose, D-galactose, b-mannose in 0.1 M NaOH.
v=5mVs~l 25°C; (b) in the presence of 10 mM bp-glucose, L-glucose, p-arabinose, b-xulose in 0.1 M NaOH. v = 5mV s7!, 25°C (Ref. 1).
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Table 1. The electrochemical signals of different monosaccharides
obtained from the literature'

First peak Second peak Third peak
1-p-Allose 0.768 1.045 1.298
2-p-Glucose 0.635 1.100 1.270
3-p-Galactose 0.575 1.230 1.280
4-p-Arabinose 0.680 1.103 1.255
5-pD-Mannose 0.608 1.177 1.284
6-L-Glucose 0.643 1.145 1.295
7-p-Xylose 0.662 1.150 1.300

environment in this laboratory to perform ANN
calculations.

3. Results and discussion

As a typical output the optimized structure of D-glucose
and the components of its dipole moment is presented in
Figure 2. Obviously the orientation of dipole moment
depends on how hydroxyl groups are placed in either
side of the molecule which in turn affects its interaction
with the electrode surface and subsequent oxidation.
Dipole moments are selected as the first descriptors.
As for the selection of energetic descriptors we resort
to the model of Gerischer and Mindt® who considered
the overlap of the electronic states of solutions entities
and the electronic bands of the electrode in the course
of electron transfer processes. Assuming that the con-
centrations of Ox and Red forms are equal, the Fermi
level in solution lies half way between the electronic
levels of Red and Ox species in solution and is assumed
to be fixed while the Fermi level of the metallic electrode

&
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Figure 2. Optimized structure of bD-glucose calculated by

2=2.4129
Tot=4.0485
DFT(B3LYP) using G98-A.

can be monitored (raised or lowered) by the imposed
potential. Raising the Fermi level enhances reduction
and its lowering promotes oxidation of the solution
species. Under these criteria the positions of the highest
occupied molecular orbitals (HOMO) of different mono-
saccharides were calculated by the B3LYP/6-31G(d)
algorithm. The HOMO levels computed in this way
are a good approximation of the first ionization poten-
tial as a consequence of the interplay between the Koop-
mans recipe and the Hohenberg—-Kohn (sham)
theorem.® This also in a sense reflects the electro-oxida-
tion potential and is taken as the second descriptor. The
method also provides the sum of electronic and thermal
free energies, total free energy of molecule, which surely
depends on the number of constituent atoms. We have
normalized the values by dividing by the number of car-
bon atoms and used as the third descriptor. Table 2 pre-
sents the values of descriptors used to introduce the
monosaccharides to the network.

An artificial neural network based on the back
propagation of error with tansigmoid activation transfer
functions in the hidden layer(s) and a linear transfer
function in the output layer was employed. It was found
that a three layer network having 3 nodes in the input, 2

Table 2. Calculated properties of monosaccharides that are used as
electrostatic descriptors

HOMO (a.u) Modified total  Dipole
energy (a.u) moment (D)
1-p-Allose —0.258 —114.49803 3.079
2-p-Glucose —0.257 —114.49689 4.049

3-p-Galactose ~ —0.251
4-p-Arabinose  —0.261
5-pD-Mannose —0.250
6-L-Glucose —0.258
7-p-Xylose —0.262

—114.49647 4.074
—114.49631 5.200
—114.49723 3.286
—114.49754 3.659
—114.49716 3.990

Performance is 6.93272e-006, Goal is 1e-005
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Figure 3. Presentations of errors in the course of training and
validation processes via Levenberg-Marquardt algorithm using elec-
trostatic descriptors.
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nodes in the hidden and one node in the output layer
and having learning rates and momentum of 0.5 and
0.9 in the optimized network is well capable of predict-
ing peaks positions in the LSV pattern. The number of
iterations before the error starts to rise was about 12,
(Fig. 3). Due to the smallness of the data set, cross
validation through the use of Leave-One-Out’ has been
employed to take care of the small size of the data set.

Figure 4a—c present the correlations of the experimen-
tal and ANN predicted peak positions. R values in the
range of 0.974-0.985 signify goodness of the fits and
the prediction capability of the network. Also, and more
importantly is the fact that the oxidation peak potentials
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can be somehow expressed in terms of more fundamen-
tal and molecular properties of the compounds.

The above descriptors however do not explicitly take
into account the structure of the sugar molecules so far
as the distribution of hydroxyl groups in the molecule as
well as the chirality of carbon atoms are concerned.
Thus, the more distinct and precise characteristics of
molecules must be selected as descriptors. In this regard,
the distance between the oxygen atoms bound to car-
bons nos. 2 and 3 (D23) affects the extent of tautomer-
ization (aldehyde hemiacetal equilibrium) occurring on
carbon no. 1 and is selected as a descriptor. Also, the
distance between two nearest hydroxyl groups in the
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Figure 4. Calculated versus observed peak potential values of (a) aldehyde oxidation with learning rate and momentum constant values of 0.50 and
0.90; (b) primary alcohol oxidation with learning rate and momentum constant values of 0.58 and 0.50; (c) vicinal diols oxidation with learning rate
and momentum constant values of 0.57 and 0.90 for LOO sets from the 3 electrostatic descriptors model after submission to computational neural

network.
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entire structure (Dn) that affects the oxidation potential
of the vicinal groups is taken as the second descriptor.
Chirality is a characteristic of sugars and could be taken
as a good descriptor which can indeed discriminate
between stereoisomers.

Topological indices have been developed for stereo-
isomeric organic compounds which can identify the
presence of stereocenters in molecules.® In this regard,
Schultz et al.” has introduced a chiral factor (CF) that
represents the R configuration as +1 and the S configu-
ration of chiral carbon as —1 with CF value of zero is
assigned to nonstereocenters. We have arbitrary defined
the total chirality of molecule by multiplying two vec-
tors. The first is a 1 x 6 vector for a six membered sugar
that we named weighting vector where the elements
m; = 1/i and i is the carbon number starting from the
aldehyde side when estimating the aldehyde oxidation
peak potential, and from the alcohol side when estimat-
ing the peak potential due to the oxidation of the pri-
mary alcohol group. This vector in a sense signifies the
distances of the chiral (or else) centers to the electroac-
tive center. The elements of second vector represent
the chirality of the carbon atoms. Accordingly, for
D-glucose the descriptors are calculated as

[1.007
0.50
0.33
0.25
0.20

L0.17 |

=0.62

for the aldehyde peak potential estimation (CFald) and

[1.007
0.50
0.33
0.25
0.20

10.17 |

=0.79

for the primary alcohol peak potential estimation
(CFalc). Table 3 presents the descriptors for the sugars
used in this study.

The first two oxidation peak potentials could be pre-
dicted using D23, Dn, and one of the CFald or CFalc

Table 3. Structural and topological descriptors

Dn D23 CFald CFalc CrF

1-D-Allose 3.61 3.63 1.28 1.28 —4.66
2-p-Glucose 2.83 2.83 0.62 0.78 1.32
3-p-Galactose 3.00 3.02 0.12 0.12 —0.66
4-p-Arabinose 2.86 2.86 —0.12 —0.58 0.00
5-p-Mannose 3.27 3.61 —0.38 0.38 3.32
6-L-Glucose 2.83 2.94 0.22 —0.22 8.66
7-p-Xylose 2.72 2.83 0.28 0.42 5.00

for the first and second oxidation peaks, respectively,
through a neural network comprising of 3 nodes in the
input layer, and two hidden layers each having 3 nodes
(with tansigmoidal transfer functions) and one output
layer (with linear transfer function). The correlation
results are presented in Figure 5a and b where R values
of 0.988 and 0.969 signify good correlations.

Learning rates of 0.9 and 0.5 and momentum values
of 1.1 and 0.3 have been used in the optimized nets for
the prediction of the oxidation peaks of the aldehyde
and primary alcohol groups. Attempts to predict the
oxidation peak potential of the vicinal hydroxyl groups
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Figure 5. (a) Calculated versus observed peak potential values of
aldehyde oxidation with learning rate and momentum constant values
of 0.90 and 1.10; (b) primary alcohol oxidation with learning rate and
momentum constant values of 0.50 and 0.30, for LOO sets from the 3
topological descriptors model after submission to computational
neural network.
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were not successful and prompted the introduction of
yet another topological descriptor capable of consider-
ing relative positions of the hydroxyl groups. To create
such a descriptor one has to consider both the orienta-
tion (same side or opposite side of the chain of carbon
backbone) and the separation distance of the hydroxyl
groups. To achieve this, a characteristic matrix with
elements ¢(i,j) with i and j signifying the number of
carbon atoms bearing the hydroxyl groups is generated.
If both hydroxyl groups are on the same carbon atom,
¢(i,j) is set to zero while hydroxyl groups on the same
side of the chain of carbon atoms are given +1 and on
the opposite sides of the chain are given —1. For
D-glucose with the structure presented in Scheme 1
and numbering the optically active carbon atoms from
the aldehyde side the characteristic matrix is

0 +1I +1 -1
+1 0 41 -1
+1 +1 0 -1
-1 -1 -1 0

CcC =

In this matrix representation ¢(1,4) with the value of
—1 signifies that the hydroxyl groups on carbons 1
and 4 are on either side of the molecular chain. Simi-
larly, ¢(2,3) with the value of +1 shows that the hydro-
xyl groups on the carbon atoms number 2 and 3 are
both located at the same side of the molecular chain.

@

& ce

Scheme 1.

A second matrix with w(i,j) = 1/|i — j| elements is cre-
ated to account for the separations of the hydroxyl
groups on carbon no i and j

0 1 172 1/3
1 0 1 12
/2 1 0 1
/3 172 1 0
where w(1,2) states that the separation is twice as long
compared to w(1,3).
Finally, multiplying the two creates a matrix that

combines both the orientation and separation measures
where for p-glucose is

0 1 1/2 1/37
10 1 1)2
12 1 0 1
13 12 1 0 |
0 +1 +1 —17
41 0 41 -1
+1 41 0 -1
1 -1 -1 0|
+1.17 +0.17 +0.67 —1.50
4+0.50 +1.50 —0.50 —2.00
000 —0.50 40.50 —1.50

+1.50 +1.17 +0.83 —-1.83

[CrF] =

and we define ‘cross factor’, CrF, as the trace of the
matrix.

CrF(D-glucose) = Trace[CrF] = 1.33

This factor and the two explained before, Dn and
D23, are used to predict the third peak potential that
is due to the oxidation of vicinal diols. A network

Performance is 3.5584e-006, Goal is 1e-005
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Figure 6. Presentations of errors in the course of training and
validation processes via Levenberg-Marquardt algorithm using topo-
logical descriptors.
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Figure 7. Calculated versus observed peak potential values of vicinal
diols oxidation with learning rate and momentum constant values of
0.30 and 1.50.

comprising of 3 nodes in the input layer, and two hidden
layers each having 3 nodes and one in the output layer
with learning rate and momentum values of 0.3 and
1.5 has been employed. Tansigmoidal transfer function
was used in the two hidden layers and linear transfer
function was employed in the output layer. The number
of epoch to achieve this result was around 9, Figure 6.
Correlation results are presented in Figure 7.

4. Conclusion

Based on the above findings it is concluded that
neural networks are well capable of predicting the

electro-oxidation peaks potentials of monosaccharides
in a linear potential sweep regime if sensible descriptors
of molecules are defined. Geometric as well as energetic
criteria may equally well be employed. The correlations
are in the practice good to excellent.
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