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Abstract: Enzymatic hydrolysis of cellulose was highly complex because of the unclear enzymatic mechanism and many factors that affect
the heterogeneous system. Therefore, it is difficult to build a theoretical model to study cellulose hydrolysis by cellulase. Artificial neural
network (ANN) was used to simulate and predict this enzymatic reaction and compared with the response surface model (RSM). The inde-
pendent variables were cellulase amount X, substrate concentration X,, and reaction time X3, and the response variables were reducing sugar
concentration Y; and transformation rate of the raw material Y,. The experimental results showed that ANN was much more suitable for
studying the kinetics of the enzymatic hydrolysis than RSM. During the simulation process, relative errors produced by the ANN model were
apparently smaller than that by RSM except one and the central experimental points. During the prediction process, values produced by the
ANN model were much closer to the experimental values than that produced by RSM. These showed that ANN is a persuasive tool that can
be used for studying the kinetics of cellulose hydrolysis catalyzed by cellulase.
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Table 1 Training samples for building models and comparison of experimental and model values
X, X, X, Y, (g/L) Y, (%)
(FPU) (2L) (h) EV RSM ANN RSM ANN
MV RE(%) MV RE(%) MV RE(%) MV RE(%)
10 5 9 34144 3.9821 6.63 3.5828 4.93 61.46 67.65 10.07 60.44 1.66
5 10 3 4.0600 4.3474 7.08 4.3062 6.06 36.54 37.40 2.35 35.28 3.45
15 20 6 7.8310 8.0395 2.66 7.9099 1.01 35.24 37.79 7.24 35.53 0.82
15 10 9 7.7333  7.4459 3.72 7.7518 0.24 69.60 68.74 1.24 69.66 0.09
15 5 6 44088 4.2243 4.18 4.5550 3.32 79.36 74.31 6.36 78.62 0.93
10 10 6  6.2799 6.2799 6.2167 56.52 56.52 56.93
10 10 6  6.2799 6.2799 6.2167 56.52 56.52 56.93
10 0 6 6279 62799 6.2167 ol 56.52 56.52 0 56.93 073
10 10 6  6.2799 6.2799 6.2167 56.52 56.52 56.93
10 20 3 6.2488  5.8649 6.14 6.2196 0.47 28.12 23.33 17.03 27.99 0.46
15 10 3 52097 54732 5.06 5.2067 0.06 46.89 50.25 7.71 47.00 0.23
5 10 9 6.2133  5.9498 4.26 6.2848 1.15 55.92 52.56 6.39 55.53 0.70
5 5 6 3.1289 209125 6.92 2.9908 4.41 56.32 54.61 3.04 56.72 0.07
10 10 6  6.2799 6.2799 0 6.2167 1.01 56.52 56.52 0 56.93 0.73
10 5 32,6533 2.4865 6.29 2.4881 6.23 47.76 48.33 1.20 48.72 0.08
5 20 6  6.5377 6.7303 2.95 6.5591 0.33 29.42 33.64 14.34 29.50 0.27
10 20 9 8.2533 8.2366 0.20 8.1645 1.08 37.14 35.16 5.33 36.67 4.29

Xi: cellulase amount; X,: substrate concentration; X;: reaction time; Y;: reducing sugar concentration; Y,: transformation rate, Y, = 100% x 0.9Y/X,;
RSM: response surface model; ANN: artificial neural network; EV: experimental value; MV: model value; RE: relative error.
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Fig. 1. Schematic representation of the artificial neural network for
simulating enzymatic hydrolysis of cellulose.
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Fig. 2. Comparison of experimental and model predictive values.
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