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Abstract: In this study, an artificial neural network (ANN) trained with backpropagation algorithm based on 
the quick propagation (QP) algorithm was applied to optimize the reaction conditions in the enzymatic synthesis 
of betulinic acid ester. The inputparameters of the model were reaction time, reactiontemperature, enzyme 
amount and substrate molar ratiowhile the percentage isolated yield of ester was the output. Using the ANN 
analysis, the optimum conditions to obtain the highest yield were 148.3 mg enzyme, reaction temperature of 
53.1°C, reaction time of 20.3 hours and betulinic acid to phthalic anhydride molar ratio of 1:1.24. The predicted 
and actual yields were 64.9 and 64.3%, respectively. 
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Introduction 

Betulinic acid (1) is a natural product which can be isolated from the outer bark of various Betula 
species1,2. It shows several pharmacological activities including inhibition of human immunodeficiency virus 
(HIV), antibacterial, antimalarial, antiinflammatory, anthelmintic, antioxidant and anticancer properties3. This 
compound is regarded by the scientific community as an accessible and valuable bioactive natural product4. The 
introduction of the polar groups, such as phthalates at C-3 position of betulinic acid, is an interesting way to 
increase the hydrosolubility and anticancer activity of betulinic acid5. 

Lipases usually catalyze hydrolytic reactions. However, when employed in organic solvents (low water 
environment), they can perform the reverse reaction, namely, esterification just as efficiently6. Such biocatalysts 
present many advantages over chemical catalysts: their specificity, regioselectivity and enantioselectivity allow 
them to catalyze reactions under mild conditions of temperature and pressure, with lower side products and 
waste treatments costs7.  

Artificial neural network (ANN) is a highly simplified model of the structure of a biological network8. 
The fundamental processing element of artificial neural network is an artificial neuron (or simply a neuron). A 
biological neuron receives inputs from other sources, combines them, generally performs a non-linear operation 
on the result and then outputs the final result9. The ability of the artificial neural networks, to recognize and 
reproduce the cause-effect relationships through training for the multiple input-output systems makes them 
efficient to represent even the most complex systems10.Employing neural network models would lead to 
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savingtime and cost by predicting the results of the reactions so that the most promising conditions can then be 
verified11.  Recently, ANN has been shown to be a powerful tool for the optimization of multivariate parameters 
in a great variety of areas, such as in enzymatic synthesis8,11-15, fermentation processes10,16,17and in  
pharmaceutical studies18-20. The main purpose of this study is to optimize the reaction parameters of lipase-
catalyzed esterification of betulinic acid (Fig. 1) for obtaining the highest yield of the isolated ester using 
artificial neural network.  
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Fig.1: Enzymatic Reaction of betulinic acid with phthalic anhydride using Novozym 435 as a biocatalyst 
 

Material and Methods 

Materials 

 Immobilized enzyme (triacylglycerol hydrolase, EC 3.1.1.3; Novozym 435, 10000 PLU/g), Candida 
antarcticalipase, supported on a macroporous acrylic resin with a water content of 3% (w/w), was purchased 
from Novo Nordisk A/S (Bagsvaerd, Denmark). Chloroform and n-hexane (Fisher Chemical, Loughborough, 
UK) were used as the organic solvents.  Betulinic acid was isolated from the Malaysian Callistemon speciosus 
according to the procedure described by Ahmad et al21. Phthalic anhydride was purchased from Acros Organics 
(Geel, Belgium).  Ethyl acetate, Celite®545, Na2SO4, K2CO3, and HCl were obtained from Merck (Darmstadt, 
Germany).  All the chemicals were of the analytical reagent grade. 

Enzymatic reaction 

To a magnetically stirred solution of betulinic acid (25 mg, 0.0547 mmol), K2CO3 (6 mg), Celite®545 
(170 mg), different amounts of enzyme (50-250 mg), chloroform (10 ml) and hexane (10 ml) was added 
phthalic anhydride with difference molar ratio (betulinic acid /phthalic anhydride; 0.2-1). The reaction mixture 
was magnetically stirred (150 rpm) at different reaction temperatures (40-60°C) and reaction times (8-24 h) as 
shown in Table1. Each reaction was repeated in triplicate and the results represented the mean values of three 
independent experiments. The control experiments were performed in the absence of enzyme. As a result, no 
chemical acyl transfer reaction was detected. Qualitative analysis of the reaction mixtures was made by thin 
layer chromatography (TLC) on silica gel plates eluted with system n-hexane/ethyl acetate (9:1, v/v). The plates 
were visualized under UV lamp and/or iodine vapor. Under these conditions, 3-O-phthalyl-betulinic acid (2) 
had an Rfvalueof 0.9.  The quantitative analysis of samples was carried out according to the procedure described 
by Kvasnicaet al5. At the pre-determined time intervals, the flasks were taken and the enzyme was removed by 
filtration and washed with chloroform twice.  The filtrate was evaporated to dryness and ethyl acetate was then 
added and washed with aqueous solution of HCl and twice with water. The organic layer was dried over 
Na2SO4 and concentrated under reduced pressure. The residue was chromatographed with gradient on silica gel 
60 (n-hexane/ethyl acetate, 9:1– 5:1, v/v). The ester fractions were combined and weighed after the evaporation 
of the solvents.  The percentage of the isolated yield of ester (%Yield) is defined as: 

100% ×=
acidbetulinicinitialmmol

esteracidbetulinicisolatedmmol
Yield       (1) 

The characterization of the product was made by recording the 1H and 13C-NMR spectra of the 
compound on a Varian Unity Inova 500 NMR spectrometer operating at 26°C and this matched the data 
available in the literature5. 
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ANN description 

The experimental data used for ANN design are presented in Table 1. The experimental data were 
randomly divided into two data sets using the option available in the software: 21 of data sets were used as 
training and four data sets were used as testing.A multi-layer perceptron (MLP) based feed-forward ANN, 
which makes use of the back-propagation learning algorithm, was applied for modeling the enzymatic reaction.  
The network consists of an input layer, one hidden layer and an output layer. The inputs for the network include 
reaction time, reaction temperature, enzyme amount and substrate molar ratio; output is the percentage of the 
isolated yield of ester. A commercial ANN software, known as NeuralPower version 2.5 was applied 
throughout the present study. This software has been used by several researchers12-14,18,22-24. 

Table 1: Experimental values, actual and model predicated of isolated yield on the enzymatic reaction 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1Molar ratio = mmolbetulinic acid/mmolphthalic anhydride. 
 

Results and Discussion 

ANN modeling 

Four different algorithms, belonging to two different classes, namely gradient descent (in three 
versions; incremental back propagation, batch back propagation and quick propagation) and Levenberg-
Marquardt were used to train the neural networks. Details of the ANN modeling have been published in the 
previous study14. The results showed that the quick propagation (QP) algorithm had a better performance 
relative to the incremental back propagation (IBP), batch back propagation (BBP), and Levenberg–Marquardt 
(LM) back propagation algorithms. As shown in Fig. 2, the predicted model using QP algorithm was fitted well 

Isolated Yield (%) Run 
No. 

Time 
(h) 

Temperature 
(ºC) 

Enzyme 
Amount (mg) 

Molar ratio 1 

Actual predicted 

Training Data      
1 8 50 150 0.6 33.3 33.28 
2 24 50 150 0.6 58.8 58.85 
3 16 40 150 0.6 31.1 31.11 
4 16 50 50 0.6 39.8 39.78 
5 16 50 250 0.6 43.1 43.15 
6 16 50 150 0.2 29.5 29.51 
7 12 45 100 0.4 20.2 20.24 
8 20 45 100 0.4 36.5 36.49 
9 20 55 100 0.4 47.4 47.39 
10 12 45 200 0.4 27.6 27.57 
11 20 45 200 0.4 43.2 43.15 
12 12 45 100 0.8 35.6 35.58 
13 20 45 100 0.8 49.1 49.11 
14 12 55 100 0.8 55.2 55.22 
15 12 45 200 0.8 40.8 40.81 
16 20 45 200 0.8 58.6 58.54 
17 12 55 200 0.8 52.5 52.44 
18 20 55 100 0.8 62.7 62.64 
19 16 60 150 0.6 53.3 53.3 
20 16 50 150 1.0 58.9 58.94 
21 16 50 150 0.6 54.7 54.57 
       
Testing Data      
22 20 55 200 0.4 46.4 46.69 
23 12 55 100 0.4 36.2 35.32 
24 12 55 200 0.4 35.4 36.20 
25 20 55 200 0.8 60.4 60.12 
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to the actual values for training and testing data sates. The ANN architecture using QP algorithm is shown in 
Fig. 3.  The predicted values of the best model for the training and testing sets are presented in Table 1. In Fig. 
4, the importance of independent variables in the construction of ANN model has been shown. As it is clear 
from the Fig.4, the enzyme amount shows higher contribution than the others. 

 
Fig. 2: The scatter plots of ANN predicted yield versus actual yield for training (a) and testing (b) data set using 
quick propagation algorithm 
 

 
 
Fig. 3: A multilayer feed forward perceptron (MLP) network consisting of four inputs, one hidden layer with 
nine neurons and one output 

 
Fig. 4: The importance of independent variables in the constructed ANN model 
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Optimization of enzymatic reaction 

The optimal conditions for the lipase-catalyzed estrification of betulinic acid were predicted as 
presented in Table 2.The optimum reaction parameters were enzyme amount of 148.3 mg, reaction temperature 
of 53.1°C, reaction time of 20.3 hrs and betulinic acid to phthalic anhydride molar ratio of 1:1.24. The predicted 
and actual yields were 64.9 and 64.3%, respectively. A comparison of the predicted and actual values revealed a 
good correspondence between them, implying that the model derived from ANN analysis could be used to 
predict the experimental values in the lipase-catalyzed synthesis of betulinic acid ester. 

 

Table 2: Optimum conditions derived from the ANN analysis using QP algorithm for enzymatic synthesis 
of betulinic acid ester 

 

 

 

 

 

1Molar ratio = mmolbetulinic acid/mmolphthalic anhydride 
 

Conclusions 

In the present work, an artificial neural network (ANN) was applied tooptimize the enzymatic 
esterification reaction of betulinic acid andphthalic anhydride. The independent variables, namely time, 
temperature, enzyme amount and molar ratio were fed as inputs to an artificial neural network while the output 
of the network was the percentage of isolated yield of ester. A multilayer feed-forward network was trained by 
the sets of input-output patterns using quick propagation (QP) algorithm. According to the ANN analysis, a 
maximal yield of ester (64.3%) can be obtained using 148.3 mg enzyme, reaction temperature of 53.1 °C, 
reaction time at 20.3 hours and betulinic acid to phthalic anhydride mole ratio of 1:1.24.  Thus, the optimum 
conditions for the synthesis of betulinic acid ester can be successfully predicted since the experimental results 
showed close correlation to the predicted values obtained.  
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