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Spectrophotometric data were used to estimate monosaccharide content in Pinus brutia Ten. (brutian pine) wood using artificial neural
network (ANN) modelling. The monosaccharide composition of P. brutia Ten. samples ranged for glucose from 42.33 to 54.67 %, for
mannose from 8.55 to 11.95 %, for xylose from 7.15 to 9.83 %, for galactose from 1.72 to 2.49 % and for arabinose from 1.19 to 1.65 %,

scored with a small average relative error (1.2 %) fairly good.

| based on extractive free dry wood. Three layered artificial neural network model with six hidden neurons gave in general better results |
| with correlation R* values between 0.9987 and 0.9916 in training and between 0.9984 and 0.9902 in testing. In validation, this model was |
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INTRODUCTION

Wood polysaccharides are composed of two main compo-
nents ie., cellulose and polyoses (hemicelluloses)'. Besides
usage in paper, rayon or cellulose derivates production as main
component, cellulose is an important raw material after
conversation in to glucose. Polyoses are also hydrolyzed to
different monosaccharides. Main utilization of wood monosa-
ccharides including glucose, mannose, xylose, galactose,
arabinose and rhamnose is to produce other chemicals'”’.

The anthrone method is an ordinary spectrophotometric
procedure and applied for total sugar determination. This
procedure can be used rapid and cost effective to analyze various
samples. Anthrone substituted hexoses produce a blue colour
and pentoses a yellow-green colour in the solution®. This pro-
duced colour has a spectrophotometric response which is
compared to a curve based on a standard (in general glucose)
to determine the total sugar amount in the hexose solutions or
the solutions rich in hexose®"".

In the previous studies, spectral data were used to deter-
mine the carbohydrate contents of Pinus radiata using Partial
Least Squares (PLS)"®, the monosaccharide composition of
Eucalyptus globulus using PLS data analysis method" and
the hexose and pentose amounts using artificial neural network
(ANN)™.

Artificial neural networks consist of neurons which are
similar to their biological counterparts. The interconnections
of neurons organized in different layers including input, hidden

and output are computed with neural connection weights which
can be modified during the training step of network. For weight
optimization of network, the activation function and back
propagation algorithm are utilized. The connection weights
are adapted to minimize the error between the desired target
data values and their predicted data values. After the weights
have been determined, the performance of the network is
checked on a test set for fixing the network accuracy in predic-
ting external data sets. This procedure is repeated for various
networks to obtain an optimum artificial neural network struc-
ture”

In this study, quick and easily estimation of Pinus brutia
Ten. (brutian pine) sugar composition which consist of hetero-
geneous monosaccharides (hexoses and pentoses) including
glucose, mannose, xylose, galactose and arabinose was aimed.
UV-visible spectra from anthron substituted monosaccharides
were collected and from these spectra, monosaccharide
composition of P. brutia Ten. was estimated using artificial
neural network modelling.

EXPERIMENTAL

The P. brutia Ten. samples were wood discs taken at 1.30
m height from 30-35 year-old trees from Asagi Gokdere-Isparta
and Kas-Antalya in Turkey. The disc of each tree was debarked
and chipped. After air drying, wood chips were separately
ground to pass 40-100 mesh in Retsch SK 1 mill. The milled
wood material was extracted with 2:1 cyclohexane:ethanol and
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followed by extraction with ethanol in Buchi extraction system
B-811.

For acid hydrolysis, Pettersen et al.*’ method was used.
200 mg extracted wood meal (on oven dry basis) were firstly
hydrolyzed for 1 h at 30 °C in 72 % H,SO,, then diluted to
3 % and secondly hydrolyzed for 1 h at 120 °C in P-Selecta
autoclave. After filtering and washing the Klason lignin, the
filtrate and washing water were transferred to 1 L volumetric
flask. 0.5 mL of this solution was diluted to 1 mL by adding
distilled water. 2 mL anthrone reagent (200 mg anthrone
suspended in 100 mL 96-98 % H,SO.) were added to 1 mL
solution of each sample. The solutions were submitted to a
boiling water bath for 10 min''. After cooling, the spectra of
solutions were recorded in Perkin Elmer Lambda 20 UV/
visible Spectrometer in the wave number range 190-900 nm.
Five spectra per sample were collected. For each UV-visible
spectrum, baseline was corrected and defined by connecting
the absorbance value at 470 and 740 nm then 135 absorbance
values (difference between value and the baseline) between 470
and 740 nm were used in the artificial neural network modelling.

From the 1 L acid hydrolyze solution, monosaccharide
composition of each P. brutia Ten. sample was determined
according to the gas chromatographic procedure of Cao et al.*””
and expressed as percentage of oven dried extract-free material.

Artificial neural network models were employed using
sigmoidal logistic function with back propagation of error
algorithm. 45, 15 and 10 data pairs were chosen randomly
from the bottom, middle and top values of data and used for
training, testing and validation sets, respectively. In a data pair
(inputs-output), inputs composed of 135 points (absorbance
values) between 470 and 740 nm from UV-visible spectrum
of each sample as neurons in the input layer and outputs were
glucose, mannose, xylose, galactose and arabinose amounts
as five neurons in the output layer. Artificial neural networks
were trained with different number of neurons in the hidden
layer. The structure and the topology of used network are
indicated in Figs. 1 and 2, respectively.

However, the logistic function was used as activation
function in the network construction. Therefore, all data were
normalized into a range 0.1-0.9 using equation 1 before
presenting to artificial neural network.

0.8(X — X min)
(X max—Xmin) (1)
Xx: The normalized value of the input or the output data
X: Original value of the data
Kimax and Ximin: The maximum and the minimum original
values of the data
The classification performance of trained network model
is then evaluated on an introducing test set. The overall accuracy
of the artificial neural network models was measured using
root mean square (RMS) error by eqn. 2 below:

Xn=0.1+

N

RMS= N3 (x-X,f )
i=1

N: The number of data
X'1 :The target value
Xi : The output value produced by the network
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Fig. 1. Operational sequence of the artificial neural network (ANN)
simulation method
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Fig. 2. Network architecture used for prediction of monosaccharide
composition of P. brutia Ten. samples from UV-visible spectral data

RESULTS AND DISCUSSION

From the spectrophotometric measurements, absorbance
values between 470 and 740 nm were used in the artificial
neural network modelling after baseline correction (Fig. 3).
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Fig. 3. UV-visible Spectrum of P. brutia Ten. sample A: Original spectrum

B: Baseline corrected spectrum

Glucose, mannose, xylose, galactose and arabinose were
determined as monosaccharides in P. brutia Ten. samples.
Contents of monosaccharides are shown in Fig. 4. In the figure,
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Fig. 4. Monosaccharide amounts of P. brutia Ten. samples (Glu: glucose,
Man: mannose, Xyl: xylose, Gal: galactose and Ara: arabinose)

amount of each monosaccharide was expressed as percentage
of oven dried extract-free material. Glucose amounts were
varied between 42.33-54.67, 42.41-54.45 and 42.86-54.28 %,
Mannose amounts between 8.55-11.95, 8.58-11.85 and 8.65-
11.84 %, xylose amounts between 7.15-9.83, 7.17-9.82 and
7.18-9.81 %, galactose amounts between 1.72-2.49 , 1.77-2.44
and 1.8-2.42 %, arabinose amounts between 1.19-1.65, 1.2-
1.64 and 1.21-1.62 % in the training, testing and validation
step of artificial neural network, respectively.

After training and testing, the number of hidden neurons
of the network was obtained by evaluating the performance
determined using RMS error of the network models (Table-1).
The NN; model with 6 hidden neurons was chosen to estimate
the monosaccharide contents because the average RMS error
for testing data sets was the lowest value.

Fig. 5 indicates the predicted values of monosaccharide
contents from the NN3; model and the actual (target) values
for the training data set by linear regression. The results showed
that agreement between the predicted and the actual monosa-
ccharide contents generally good with correlation R? values
of 0.9987, 0.9984, 0.9978, 0.9916 and 0.9964, respectively.

NN; model provided also good correlation between
predicted and actual data in the testing. For glucose, mannose,
xylose, galactose and arabinose, correlation coefficients (R?)
were fairly high and 0.9984, 0.9938, 0.9945, 0.9902 and
0.9949, respectively (Fig. 6).

To show validation of the model selected, the data pairs
of 10 additional samples were used. Experimental and
predicted results from the model NN3 were given in Table- 2.
As can be seen from the table, the predicted values were close
to actual values of monosaccharide composition with an average
per cent relative error of 1.2.

In conclusion, the high correlation coefficients (R?) in the
training and testing and the low average relative error of predic-
tion in the validation indicate that three layered artificial neural
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Fig. 5. Prediction performance of NN3; model for monosaccharide composition training data set
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TABLE-1
COMPARISON OF THE PERFORMANCES OF THE NETWORK MODELS
Model _ . RS error . _
Glu-training Glu-testing Man-training Man-testing Xyl-training
NN1 135-2-5 0.009238 0.009707 0.008325 0.011267 0.01148
NN2 135-4-5 0.008849 0.012185 0.007921 0.010158 0.010701
NN3 135-6-5 0.007189 0.009534 0.00777 0.0175 0.009542
NN4 135-8-5 0.007483 0.113164 0.007225 0.173894 0.009322
NNS5 135-10-5 0.006246 0.040356 0.007811 0.037284 0.007672
Xyl-testing Gal-training Gal-testing Ara-training Ara-testing
NNI 135-2-5 0.016922 0.035139 0.029277 0.018951 0.01519
NN2 135-4-5 0.016647 0.027799 0.037774 0.018327 0.014432
NN3 135-6-5 0.016848 0.016624 0.021082 0.012147 0.015748
NN4 135-8-5 0.217871 0.009992 0.325494 0.013815 0.214475
NNS5 135-10-5 0.051963 0.014298 0.086908 0.008773 0.051045
Glu: Glucose, Man: Mannose, Xyl: Xylose, Gal: Galactose and Ara: Arabinose
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7 08 g 081 © £ 0.8
£ 0.7 1 5 071 £ 0.7+
2 0.6 - 2 0.6 2 0.6 -
8 g S
5 05 € 0.5 > 0.5 4
> 0.4 4 £ 0.4 - 0.4
8 031 B 031 £ 03+
o 2 .0
S 0.2 2 0.2 B 0.2
a 0.11 £ 011 @ 0.1 1
0 —— T 0 —— — 0 — T ——T—
0 0.10.20.3040.50.60.70.809 1 0 0.10.20.304050.60.70809 1 0 0.10.20.304050.60.70.809 1
Target glucose (testing) Target mannose (testing) Target xylose (testing)
1.0 7 2 . 1.01 2
EE 0.9] R =0.9902 o 9 09 R™ =0.9949
7 08- % g 081
3 071 S 07
8 0.6 - 2 06
© £
& 0.5 1 5 05
S 0.4 1 5 0.4
B 0.3 4 B 0.3 1
o o
P i
o o
0 ———————— 0 — T
0 0.1020.30.4050.60.70.80.9 1 0 0.102030405060.70809 1
Target galactose (testing) Target arabinose (testing)
Fig. 6. Prediction performance of NN; model for monosaccharide composition testing data set
TABLE-2
PERFORMANCE OF NN; MODEL IN THE VALIDATION STEP
Monosaccharide composition (%)
Sample Glucose Mannose Xylose Galactose Arabinose
Actual Predicted RE % | Actual Predicted RE %| Actual Predicted RE % | Actual Predicted RE %| Actual Predicted RE %
1 45.03 4541 0.84 11.27 11.14  -1.15| 9.35 9.42 075 | 2.35 2.38 1.28 | 1.56 1.58 1.28
2 4620  46.08  -0.26 10.97 11.25 255 9.19 9.06 -1.41 | 2.26 2.24 -0.88 | 1.53 1.52 -0.65
3 4742 4697  -0.95 10.64 1033 291 | 8.84 8.89 0.57 | 2.12 2.10 -0.94 | 148 1.46 -1.35
4 4286 4275  -0.26 11.84 11.99 1.27 | 9.81 9.69 -1.22| 241 2.45 1.66 | 1.62 1.64 1.23
5 4690  47.28 0.81 10.73 1052 -1.96| 8.81 8.97 1.82 | 221 2.19 -0.90 | 1.49 1.51 1.34
6 44.08 4427 0.43 11.68 11.84 1.37 | 9.62 9.48 -l46 | 242 2.39 -1.24 | 1.60 1.58 -1.25
7 49.69  49.96 0.54 9.89 9.68 212 8.20 8.35 1.83 | 2.04 2.02 -0.98 | 1.38 1.40 1.45
8 51.75 51.62  -0.25 9.45 9.58 1.38 | 7.85 7.98 1.66 | 1.94 1.92 -1.03 | 1.31 1.33 1.53
9 5428  54.64 0.66 8.65 8.44 243 7.18 7.11 -0.97 | 1.80 1.78 -1 121 1.19 -1.65
10 46.52 4630  -047 10.91 10.79  -1.10| 9.12 9.22 1.10 | 2.24 222 -0.89 | 1.51 1.50 -0.66
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network with 6 hidden neurons can properly model complex
relationship between UV-visible spectral data and mono-
saccharide composition of P. brutia Ten. wood.
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