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Abstract The optimal working conditions for enzymes are very much elegant, and their
determination is often through experimental approach, which generally is costly and
time-consuming. Therefore, it is important to develop methods to use as simple as
possible information to predict the optimal working condition for enzymes. Cellulase is
a very important enzyme widely used in industries. In this study, we attempted to use a
20—1 feedforward backpropagation neural network to screen 24 amino acid properties
related to the primary structure of cellulases as predictors to predict the pH optimum in
cellulases. The results show that some predictors can predict the pH, especially amino
acid distribution probability.
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Introduction

The optimal working conditions for enzymes are very much elegant, which leads to great
scientific efforts in finding out their optimums, whose determinations generally go through
the experimental approaches. However, not only these experiments are costly and time-
consuming but also the experimental speed apparently lags the speed of increase of
enzymes in database. For example, there are more than 5,000 of different enzymes listed
currently in the Comprehensive Enzyme Information System BRENDA, whereas there
were only 789 in 2002 [1, 2]. Therefore, we can easily find many enzymes with detailed
information on their structures, mainly primary structure, but fewer enzymes with their
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optimal working conditions, which are generally defined by various parameters such as
Km, pKi, pH, and so on.

Therefore, it is important to develop methods to predict various parameters, which are
the indicators for enzymatic working conditions, in un-annotated enzymes. Still, it is more
important to use very simple information related to primary structure to predict the optimal
working conditions for enzymes because the prediction based on high-level structure might
need more costly and time-consuming experiments to determine the secondary, tertiary, and
quaternary structure.

Cellulase is an important enzyme, which hydrolyzes the beta-1,4 linkages of cellulose,
and is widely used in industries [3]. Very recently, the cellulase becomes the focus of biofuel
industry [4—7] because biofuel has a great prospective in environment-friendly economic
development [8—10].

Of various parameters related to enzymatic working condition, we are interested in the
prediction of pH optimum because of its importance in enzymatic reactions of cellulases.
Furthermore, we hope to use the information from primary structure of cellulases to predict
their pH optimum because this approach would be the most cost-effectiveness. Actually,
many pieces of information on primary structure of proteins are readily available, for
example, amino acid composition, physicochemical property of amino acid, and so on and
so forth. In this study, we attempted to find out which piece of information is more useful to
predict the pH optimum of cellulases.

Materials and Methods
Data

The data of cellulase (EC 3.2.1.4) are obtained from the Comprehensive Enzyme
Information System BRENDA up to October 2010 (http://www.brenda-enzymes.info/php/
result flat.php4?ecno=3.2.1.4), where 32 cellulases have their sequence information under
the category of pH optimum as functional parameters, of which two cellulases are
documented with their mutants [11]. For example, three reduced-size mutants and 15 site-
directed mutageneses were obtained from the cellulose 058925 isolated from Pyrococcus
horikoshii [12,13]. Also, two pH values are documented in each of the cellulose 058925,
Q6BCL3, Q6BCL7, Q6BCM1, and QI9PF60, respectively. In total, this databank provides
55 matched sequences and pH values of cellulases (column 2 Table 1). The amino acid
sequences of cellulases are obtained from the Universal Protein Resource [14].

Although we had the intention to find out more cellulases with their pH optimum, the
reality is not what we hoped. This once again shows the importance to develop the methods
to predict the pH optimum in numerous cellulases because so many cellulases have no
documented pH optimum.

Prediction

As the aim of this study is designed to find out the useful information to predict the pH
optimum, thus we use the neural network as predictive model and the piece of information
from primary structure of cellulases to predict their pH optimum because the relationship
between pH optimum and information from primary structure varies greatly.

This model is a 20-1 feedforward backpropagation neural network [15, 16], whose
structure is shown in Fig. 1. In this model, the first layer contains 20 neurons corresponding
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Imput AR NDJ CEQGH I L KMFPSTWYYV

IW(1}

Layer [ O
b{1}
LW{2,1}
Layer II
\3(2)

Target pH

Fig. 1 20-1 feedforward backpropagation neural network to model the relationship between 20 pieces of
information on primary structure of cellulase, which are labeled using the symbols of 20 types of amino acids and
its pH. Each square presents a neuron. IW{1} is the input weights, LW {2,1} is the layer weights to the second
layer from the first layer. b{1} and b{2} are the biases related to each neuron at the first and second layers

to 20 inputs (or 20 elements of input in neural network terminology), which can be any
measure related to 20 types of amino acids. The second layer contains a single neuron
corresponding to the single output, pH. The transfer functions are tan-sigmoid and linear for
two layers. The training algorithm is the resilient backpropagation, which is the fastest
algorithm on pattern recognition in MatLab [17].

Possible Predictors

The following pieces of information, which we consider useful, are listed in Table 2. These
pieces of information can be classified according to their size, charge, hydrophilicity or
hydrophobicity, and functional groups, which are important indicators for protein structure
and protein—protein interactions [18]. Several pieces of information could be particularly
considered to be related to primary structure of enzymes such as the spatial properties [19,
20] listed in rows 2-5 in Table 2, hydrophobic properties [21-23] listed in rows 6—10 in
Table 2, electronic properties [24] listed in rows 11-17 in Table 2, and the secondary
structure predictions [25] listed in rows 18-24 in Table 2.

Actually, all these pieces of information is to use a particular number to replace a
certain amino acid in proteins; naturally, each amino acid should have a fixed value
using these pieces of information. On the other hand, we have developed a measure,
which results in different value for the same type of amino acid [26-30] based on
occupancy of subpopulations and partitions [31] according to the following equation:
(gt X it X ... x gyt) x Pt/ (m! X! x ... xr,!) xn™", where ! is the factorial
function, 7 is the number of a type of amino acid, ¢ is the number of partitions with
the same number of amino acids, and #n is the number of partitions in the protein for a
type of amino acid. The characteristics of this equation is that we view the amino acid
position along a cellulase as a distribution; thus, each type of amino acids has its own
distribution probability, which is different according to their position in cellulase, their
composition, and the length of cellulase as example shown in Table 3.

Preliminary tests indicated that the predictive model could not work if we simply use the
values listed in Table 2 to replace each amino acid in cellulases. This is understandable
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Table 3 Amino acid distribution

probabilities for 20 types of Amino acid Amino acid Amino acid distribution

amino acids of cellulase composition probability

A4UU22
A 40 0.02247
R 8 0.06729
N 22 0.03073
D 23 0.01726
c 0.56250
E 9 0.01967
Q 12 0.12410
G 38 0.00961
H 8 0.25234
1 15 0.02616
L 36 0.02173
K 8 0.25234
M 2 0.50000
F 14 0.10307
P 17 0.03658
S 21 0.07952
T 23 0.03956
W 7 0.12852
Y 10 0.11431
\% 23 0.07596

because each cellulase has its own amino acid composition: If we simply use the values in
Table 2, we would ignore the different amino acid compositions of cellulases. For this
reason, we multiply the values listed in Table 2 by their amino acid composition for each
cellulase. However, this is not the case for the amino acid distribution probability because
their values are different for different cellulases.

Validation of Predictions

Table 1 lists a total of 55 cellulases in databank, of which 35 were used to generate the
weights and biases in neural network as training group and 20 were used to validate the
neural network with trained weights and biases as validation group. This is a traditional
way used in neural network.

Cross-validation was also used, where the data were split into 11 subsets. Each subset
had five cases and was held out in turn as the validation set [32, 33].

Finally, the delete-1 observation jackknife was used, leaving out one observation at a time
from the sample set [34, 35] because it is most effective in comparison with independent
dataset test and subsampling test and is widely used. Each predictor went through this
predictive model with same procedures in order to compare its output statistically.

Statistics
For each predictor, 100 trainings were conducted in 20—1 neural network. Then the obtained

100 sets of weights and biases were used to predict the pH optimum 100 times, and their
mean and standard deviation were used to compare the recorded pH optimum for each
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cellulase [36]. For visual comparison, linear regression was also used to evaluate the
predicted pH values with their recorded ones.

Results and Discussion

The neural network in Fig. 1 theoretically can account for various relationships between
information of primary structure and pH optimum. Thus, this neural network can guarantee
the screening of various predictors, no matter whether the relationship between predictors
and pH is linear or nonlinear.

Actually, the development of methods for predictions would include the choice of
predictive models and choice of predictors. Naturally, the combination of both choices
would be innumerable; therefore, we decided to use a predictive model to screen
predictors, and then we can use a predictor to screen various predictive models. On

100 o, X AA No. H,APH x AA No.
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|
0.1
100 G X AA No. G, % AA No. G x AA No.
10
5
g
[
3 | |
g 01
g 100 ‘ ,
g A; x AA No. f(i) x AA No. f(i+1) x AA No.
Q
| L
10
1
0.1
100 f(1+2) x AA No. £(4+3) x AA No. Distribution probability
10
|
0.1
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200 250

Epoch

Fig. 2 Convergence of mean squared error performance function with 100 different initial weights and
biases generated by random initialization function
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the other hand, we also could use the opposite approach, i.e., to use a predictor to
screen various predictive models and then use the selected predictive model to screen
predictors. However, the latter approach appears less attractive.

As we need to choose a predictive model at first, we decided to use the neural
network model because the information listed in Table 2 can be related to every aspect
of primary structure. Therefore, it is very hard to define whether the relationship
between pH and information from primary structure is a cause-consequence or
phenomenological relationship, linear or nonlinear relationship, and explicit or implicit
(pattern) relationship, continuous or discrete (in particular example on—off) relationship.
Taking this into consideration, we seem to treat the relationship in a black box, which
can be accommodated by the feedforward backpropagation neural network to varying
extents.
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Fig. 3 Percentage of cellulases with correctly predicted pH. The training and validation groups contain 35
and 20 cellulases. 44 No. amino acid composition, 44 DP amino acid distribution probability
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Furthermore, the second consideration should be directed to training process, which
once again guarantees a fair screening of predictors. Technically, the initialization of
weights and biases and number of training epochs govern whether the neural network
can converge. We used the random initialization function to initialize weights and
biases and 250 training epochs for convergence. Figure 2 displays the performance of
convergence, where each line represents a training process contains random initializa-
tion of weights and biases with 250 training epochs. As seen, the convergence can be
reached within 250 training epochs with any random initialization, which lays the
foundation to guarantee our training process. However, a detailed scrutiny of each panel
in Fig. 2 reveals that different predictors have different profiles of its convergence; for
example, the convergence of amino acid composition (top-left panel) is not as narrow as
others.

Actually, Fig. 2 demonstrated the training performance, while we can also look at the
training process from another viewpoint, i.e., the percentage of correctly predicted pH
during the training process. Accordingly, Fig. 3 shows such an analysis: (a) The predictions
improve with the increase of training epochs mainly in training group, (b) the efficient
epochs for most predictors are about 100, and (c) the amino acid distribution probability
works better than other predictors in training group and total group, which is the
combination of training and validation groups. So far, Figs. 2 and 3 verified the training
process, which laid the base for this study.

Sometimes, the pre-processing of data is needed in order that the input and target data
become normally distributed. We also attempted this pre-processing, but the trainings do not
converge for all predictors screened, which suggested that the neural network still performs
well in some non-normal distribution environment [37].

Table 1 shows the comparison of recorded pH optimum with predicted pH optimum for
each cellulase involved in this study. As we would consider a predictor workable if there is
no statistical difference between recorded and predicted pH optimum, so the predicted pH
optimum is marked with asterisk if no statistical difference was found between recorded and
predicted pH optimum. The last row of Table 1 shows the overall performance, where we
can see that the amino acid distribution probability works best, followed by amino acid
composition and f{i+3), then f{(i+2), and so on. Consequently, we used the regression
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74 71
T T
& 64 o 6
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8 4 8 41
> >
3 34
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Fig. 4 Linear regression between recorded pH and predicted pH in training and validation groups,
respectively, with the amino acid distribution probability as predictor
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between recorded pH and predicted pH to visualize the predictive performance using the
amino acid distribution probability as predictor (Fig. 4).

The above results are exclusively based on the traditional training and validation [17],
while the jackknife validation became popular over recent years; thus, we also used the
delete-1 jackknife and 11-fold cross-validation to conduct the training and validation as
shown in Fig. 5, where we can see that the best predictor is the amino acid composition.

The structure—function relationship has so far been the objective of many studies [38,
39]; however, the relationship between enzymatic optimal working conditions and
information related to primary structure of enzyme is understudied. Our study would take
a small step to fill this gap.

T Delete-1 jackknifing
=
8 704
2
=
5]
-
o
=
8 60+
=
o
Q
=
=
E
& 50
12}
=
=
)
Q
B
o 404
on
8
=
(5]
=
&
30 T T T T T
50 100 150 200 250
Training epochs —@—— AANo.
........ Q-+ 6,x AA No.
———-w-—— H APH x AA No.
= . . ——x7-—-  opxAANo.
a. 11-fold cross-validation — & —  ,xAANo.
= o x AA No.
8 70+ A, x AA No.
.2 £(1) x AA No.
3 f§i+1 x AA No.
= f(i+2) x AA No.
o f(i+3) x AA No.
= —  AADP
=]
g 60
=
o
o
k=
2
& 50
172}
=
=
©
Q
s}
o 404
en
]
=
L
Q
-
&
30 T T T

T T
50 100 150 200 250
Training epochs

Fig. 5 Percentage of cellulases with correctly predicted pH using the delete-1 jackknifing and 11-fold
validation. 44 No. amino acid composition, A4 DP amino acid distribution probability
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Among different predictors analyzed in this study, the results show that amino acid
distribution probability and amino acid composition work better than others, which may be
reasonable because both predictors are not constant for each type of amino acids in a
cellulase, and this characteristic may be more suitable to reflect the relationship between the
enzymatic structure and function.

Actually, the neural network has different structures to accommodate the relationship
defined between inputs and target; although the simple the better, we did attempt
several more complicated structures such as 20—10-1 or 20-30-15-1, which result in
much worse predictions than the results obtained from 20—1 neural network. In Fig. 6,
we can see the coefficient of variation (SD/mean x 100%) in 20—1 structure is best (upper
panel); however, the predictions become more unstable with the increase in complex of
model structures, and another evidence can be found in the lower panel. In the future, we
may use other predictive models including unstructured models to screen predictors as
well as predictive models.

In conclusion, this study demonstrates that some predictors do have a promising
prospective to predict the pH optimum of cellulases. Clearly, many more studies are needed
in order to explore a cost-effective way to predict various enzymatic parameters in
cellulases.
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Fig. 6 Coefficient of variation of predicted pH and difference between recorded and predicted pH in
different neural network models. The data are presented as mean+SD. There is statistically significant
difference among different models (p<0.001, one-way ANOVA), and * indicates statistical difference with
other models at p<0.01 level (Holm-Sidak method)
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