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Abstract

In order to establish novel hybrid neural discriminant model, linear discriminant analysis (LDA) was used at the first stage to evaluate the
contribution of sequence parameters in determining the protein structural class. An in-house program generated parameters including single amino
acid and all dipeptide composition frequencies for 498 proteins came from Zhou [An intriguing controversy over protein structural class
prediction, J. Protein Chem. 17(8) (1998) 729—-738]. Then, 127 statistically effective parameters were selected by stepwise LDA and were used as
inputs of the artificial neural networks (ANN) to build a two-stage hybrid predictor. In this study, self-consistency and jackknife tests were used to
verify the performance of this hybrid model, and were compared with some of prior works. The results showed that our two-stage hybrid neural
discriminant model approach is very promising and may play a complementary role to the existing powerful approaches.

© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

Nowadays, it is generally accepted that all information
regarding the structure of a protein is coded in the amino acid
sequence [2]. The functional properties of proteins are
determined by their three-dimensional (3D) structure which,
in turn, depends on amino acid sequence. To understand the
function of proteins, scientists are trying to predict the 3D
structure of a protein from its amino acid sequence. Finding the
rules relating the amino acid sequence to 3D protein structure is
one of the major goals of contemporary molecular biology.

Structural protein classes were defined over 20 years ago as
being general ways of describing folds that reflected content of
the secondary-structure elements and their arrangement in
folded proteins [16]. Protein folds can be classified into four
main classes: all-a, all-B, o/ and a+f. Since then, various
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quantitative classification rules have been proposed based on
the percentages of a-helices and 3-sheets in a protein.

As two golden standards for exact determination of protein
structure, NMR and X-ray crystallography are presently
restricted to limited number of proteins due to the inherent
complications in their interpretation as well as their technical
limitations. These practical limitations encouraged the devel-
opment of theoretical methods to predict the structures of
proteins based on the available data. In addition, as a result of
large-scale sequencing projects, the gap between the number of
known protein sequences and number of known structures is
increasing. This gap highlights the demand to theoretical
methods of protein structure determination.

From historical point of view, Nishikawa’s findings [20—22]
revealed the strong correlation between the structural classes of
proteins and amino acid composition. Since then, many
different theoretical methods have been proposed for predicting
the structural class of proteins such as statistical analysis which
uses parameters obtained from known protein sequences and
tertiary structure [6], information theory [8], nearest neighbor
methods [26], multiple alignment [14,24], neural networks [18],
component coupled [5], combination of multiple alignment and
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neural networks [23], 3D—1D compeatibility [10], support vector
machines [3], rough sets [4] and hybrid model [11]. In addition,
many more studies have applied various methods to predict
protein structural classes [28—41].

Generally, linear discriminant analysis (LDA) as an essential
linear statistical model has been applied in modeling tasks. The
utilization of LDA has often been criticized because of linear
relationship between dependent and independent variables.
Basically, LDA is designed for the case when the underlying
relationships between variables are linear.

Artificial neural networks (ANNs) provide a new alternative
to LDA in modeling tasks, particularly in situations where the
dependent and independent variables exhibit complex non-
linear relationships. Even ANNs have shown to have better
classification capability than LDA. It is, however, also being
criticized for its long training process in designing the optimal
networks topology and hence has limited its applicability in
handling modeling problems.

In our previous work [11] we established a hybrid model
using multinomial logistic regression and ANNs. Results of that
work showed that combination of ANNs as a non-algorithmic
model and multinomial logistic regression as an algorithmic
model provide better results than either one alone. At the
present study, LDA as another algorithmic model were used in
the first stage of hybrid neural discriminant model. Using the
LDA as the first stage of this model, we could increase the
reliability of our model in predicting protein structural classes.
The rationale underlying this analysis is using the LDA to build
the most influent set of parameters which then are fed into well
established ANNs. In addition, the predicting capability of
hybrid neural discriminant model was compared to the
predicting results from previous models on the same database.

2. Materials and methods
2.1. Database

The database comprising of 498 protein domain sequences as
described by Zhou [27] which was collected from SCOP
database [19] was used in the present study. These protein
domain sequences have been categorized as shown in Fig. 1. We
used the database to test our model through self-consistency test
and jackknife test and to compare the prediction accuracy and
individual accuracies of each structural class with other models.

Our parameters including amino acid and all dipeptide
composition frequencies were generated using in-house pro-
grams in MATLAB language. In order to check the fidelity of
these programs, results were compared with the outputs of
COMPSEQ program (http://bioweb.pasteur.fr/seqanal/inter-
faces/compseq.html) on the same database.

2.2. Model development

In the first stage of this hybrid model, LDA acts on the
database to select parameters and predict protein structural
class. Then the ANNs, which act non-linearly in the second
stage, were fed by the outputs of LDA to predict protein

® all-a
O all-p
ma/B

B a+p

Pra

Fig. 1. Distribution of different protein structural classes in the database.

structural class. The jackknife technique, in which all cases
were used in both the training and testing processes, was applied
to train and test models on the database. The procedure is as
follows: given a training set of NV proteins, the first protein in the
training set, #,, is set aside (left out). Then the model is trained
on the remaining N—1 proteins and tested on the left out
sample. Then sample 7, is inserted back into the database and
the next protein, t,, is left out. This procedure is repeated until
every protein in the database had the opportunity to be a left out
sample. It therefore provided as many simulations as the
number of samples in each database. Although this method is
time-consuming, it is especially useful for the small databases
such as ours. In addition to jackknife test we used self-
consistency test on the database.

2.2.1. Linear discriminant analysis (LDA)

LDA was first proposed by Fisher in the 1930s as a
discrimination and classification tool. These days, LDA has
been reported as the most commonly discussed and used
statistical technique in modeling tasks [15].

LDA can be used to build a predictive model of the group
membership based on observed characteristics of each case.
This procedure generates a discriminant function (or, for more
than two groups, a set of discriminant functions) based on linear
combinations of the predictor variables that provide the best
discrimination among the groups. The functions are generated
from the samples with known membership; the functions can
then be applied to new cases with measurements for the
predictor variables but with unknown group membership. The
LDA can be expressed as

D= ﬁ0+ﬁ1X] +ﬁ2X2 + .. +ﬂnXl’lv

where D represents the discriminant score, f3 is the intercept
term, and f3; (i=....,n) represents the 3 coefficient associated
with the corresponding explanatory variable X; (i=1,...,n).

The variables used to compute the linear discriminant func-
tion are chosen in stepwise manner using the Wilk’s lambda
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Table 1

Optimized structure of ANNs used in this study

Learning rate 0.2

Error goal 0.02
Trans function of hidden layer Logsig
No. of input nodes 127
Iterations Over 1500
No. of hidden nodes 18

No. of output nodes 2

Training algorithm Conjugate gradient method

method: at each step, the variable that minimizes the overall
Wilk’s lambda is entered. F' value, which can be calculated using
Wilk’s lambda, allows the assessment of relative importance
among the candidate variables. This criterion was used for
entering and removing variables: a variable is entered into the
model if its F value is greater than the entry value (Fii,),
thereafter F' values of the rest variables in the model are re-
calculated and those with F values less than the removal value
(Fmax) are removed. This procedure is continued until 7 values of
the rest variables are all less than the defined F,,;, [12]. The
Wilk’s lambda for the overall discrimination can take values in the
range from 0 (perfect discrimination) to — 1 (no discrimination).

As a matter of fact, LDA has been widely devoted to
considerably wide range of application areas, such as medicine,
biology, marketing research, chemistry, finance, business,
engineering and archaeology [1,7,13,25].

2.2.2. Artificial neural networks (ANNs)

As a powerful non-linear predictor in hybrids with the LDA,
the ANNs were used in this study. In this way, the selected 127
variables from LDA were used as input nodes of ANNs. This is
supposed to reduce the number of input nodes, simplify the
network structure, and shorten the model building time. The
networks which were employed were classical feed-forward
ones to associate protein sequential parameters to the structural
classes. Using this algorithm, parameters of training cases are
fed into the networks. The final outputs estimated by the
network are compared with the real class of the cases, producing
a mean of the sum-of-squares error (MSE). MSE is propagated
back into the networks to adjust the randomly chosen weights.
The training cases are tested with new weights and the process
is repeated. Through such process, the MSE is minimized.

After optimizing the preliminary structure, we found that the
best architecture in terms of computational experience was that
characterized by two output neurons representing the protein
structural classes ([1 1] for all-a, [0 1] for all-B, [0 O] for a+{
and [1 0] for o/B), one hidden layer containing eighteen neurons
and another input one, containing 127 neurons, each of which

Table 2

corresponded to a selected parameter proposed by the LDA. In
order to determine the well optimized structure for the network,
we constructed a larger number of networks, varying the number
of hidden neurons, iteration and learning rates. This optimal
network produced the least MSE when trained. We used several
training algorithms such as gradient descent, resilient back-
propagation, conjugate gradient and quasi-Newton. The best
result was obtained using conjugate gradient training algorithm.

Our networks were trained perfectly over 1500 iterations.
Also the optimal learning rate was found to be 0.2. The
parameters of the optimized neural network are listed in Table 1.
The software used to construct the neural networks was in-
house written in the MATLAB programming language.

2.2.3. Performance evaluation

Threshold-dependent measures were used to assess the
performance of LDA and ANNs. These measures can be
derived from the four scalar quantities; TP, (true positives:
number of correctly predicted proteins in class c¢), TN, (true
negatives: number of correctly predicted proteins not in class c),
FP, (false positives: number of underpredicted proteins) and
FN_, (false negatives: number of overpredicted proteins).

The following three measures including the prediction
accuracy (PA), individual accuracy (IA) and Mathews correla-
tion coefficient (MCC) [17] were calculated for the output of the
models using the following formulas:

A= TP x 100
Ind,
MCC.. = (TPC)(TNC)_(FPC)(FNC)
.=

V/(TP¢ + FP.) (TP, + FN¢) (TN, + FP.) (TN, + FN,)

where ¢ is the total number of examples and Ind, is the number
of proteins reside in class c.

Statistical analysis was performed using SPSS 13 for
Windows (SPSS Inc., Chicago, USA).

3. Results
3.1. Results of LDA
In LDA, the minimum F entry value (F;,) is set to 2.71 and

the maximum F removal value (Fi.,) is set to 3.84. These
settings are based on default values in software SPSS. We ran

Performance comparison between two stages of the hybrid neural discriminant model

Test Performance measures First stage (Linear discriminant analysis) Second stage (neural network)
All-a All-p o/ atp All-a All-p o/p atp
Self-consistency Individual accuracy (%) 100 100 100 100 100 100 100 100
MCC 1 1 1 1 1 1 1 1
Jackknife Individual accuracy (%) 94.4 89.7 92.6 92.2 95.3 88.9 94.1 93.0
MCC 0.52 0.46 0.60 0.53 0.66 0.74 0.72 0.66
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Table 3
Results of self-consistency and jackknife tests

Test Algorithm Individual accuracy for each class Prediction accuracy (%)
All-a (%) All-p (%) o/B (%) atp (%)

Self-consistency Component coupled 95.80 95.20 94.90 95.40 95.80
Neural network 100 98.40 96.30 84.50 94.60
SVM 100 100 100 100 100
Rough sets 100 100 100 100 100
Multinomial logistic regression® 100 100 100 100 100
Hybrid model® 100 100 100 100 100
LDA 100 100 100 100 100
Hybrid neural discriminant model 100 100 100 100 100

Jackknife Component coupled 93.50 88.90 90.40 84.50 89.20
Neural network 86.00 96.00 88.20 86.00 89.20
SVM 88.80 95.20 96.30 91.50 93.20
Rough Sets 87.90 91.30 97.10 86.00 90.80
Multinomial logistic regression® 92.50 88.10 90.50 89.90 90.40
Hybrid model® 96.30 92.10 95.60 93.80 94.40
LDA 94.39 89.68 92.64 92.24 92.17
Hybrid neural discriminant model 95.32 88.88 94.11 93.02 92.77

? The results of these models were reported from our previous work [11].

LDA on the database using jackknife and self-consistency tests.
As an indicator of the optimized step in LDA, we used the
Wilk’s lambda through jackknife test. The average Wilk’s
lambda was 0.000 in the 155th step, suggesting that 100% of the
variance associated with results of NMR and X-ray crystallog-
raphy was accounted for in the model. LDA selected 127
sequence parameters among 420 sequence parameters at the
155th step. All of sixteen sequence parameters selected by
multinomial logistic regression at the first stage of our hybrid
model in previous work are among these 127 selected sequence
parameters using LDA in the present work.

The results of jackknife and self-consistency tests were
evaluated by the performance evaluative measures. The results
shown in Table 2 are obtained according to the output of the
model. Results show that IA has the highest value in all-a
protein structural class. These results are in agreement to our
results from multinomial logistic regression in previous work.
In addition, LDA as the first stage of hybrid neural discriminamt
model in the present work showed higher PA in comparison
with multinomial logistic regression as the first stage of hybrid
model in the previous work.

3.2. Results of ANNs

The selected parameters in jackknife LDA procedure were
fed into the ANNSs to build two-stage hybrid neural discriminant
model. As the second stage of the hybrid modeling procedure,
and using conjugate gradient training algorithm method on the
database, the three-layer neural networks with optimized
architecture including two output neurons, one hidden layer
containing eighteen neurons and an input layer containing
another set of 127 neurons, all performance measures were
high. The results of self-consistency and jackknife tests have
been shown in Table 2. The second stage same as the first stage
showed the highest value of IA in all-a protein structural class.

PA and IA in each class for the two-stage hybrid neural
discriminant model in comparison with our previous hybrid
model and some of other methods on the same database are
shown in Table 3. The results of the hybrid neural discriminant
model showed all the percentages of correct prediction on the
database reach 100% in self-consistency test, which is the same
as the results of our previous hybrid model, SVM and rough sets
based methods [11,3,4]. The highest PA value of 94.6% has
been obtained in a previous study using jackknife test [32].
However, our results indicated that the hybrid neural discrim-
inant model same as our previously proposed hybrid model
captured the characteristics between sequences and their classes
through single amino acid and all dipeptide composition
frequencies. Jackknife test was performed on the database.
The comparison should be focused on the jackknife test because
it is more rigorous and objective method. From the result of
jackknife test, it is obvious that the PA in comparison with our
previous hybrid model is a little lower in second stage of the
hybrid neural discriminant model.

4. Discussion and conclusion

Determining the 3D fold of a protein is still remained a
difficult task, despite great achievements in protein science.
Indeed, golden standard techniques such as NMR and X-ray
crystallography are expensive and time-consuming. Conse-
quently, there is a large gap between the number of known
protein sequences and the number of known 3D protein
structures. The computational prediction of structures from
amino acid sequence has therefore come to play a key role in
narrowing the gap. The previous reports indicated that these
computational methods have been successful in providing
useful information for the biological research community.

In order to establish powerful hybrid model using combina-
tion of algorithmic and non-algorithmic models, we used LDA
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in the present work and multinomial logistic regression in the
previous work, at the first stage of hybrid modeling procedures
as algorithmic models. LDA and multinomial logistic regres-
sion were used to select the effective sequence parameters that
are applied for prediction of protein structural classes. Then
ANNs as the non-algorithmic model was used in hybrid
modeling procedures at the second stage.

Regarding the fact that almost all previously used models
detected all-a cases better than other classes [9], it is revealed that
IA values in the results of two stages of hybrid discriminant model
are in agreement with many other previous works done A
plausible reason for this tendency of predictors is the predominant
role of short and medium range interactions in all-a proteins.
Similarly, uniformly lower accuracy in the prediction of the other
classes implies the dominance of long-range interactions [9].

As recommendation for further research we proposed using
new defined protein database for prediction of protein structural
class in seven structural classes including 2230 protein domains
which consists of protein and domains with only less than 20%
sequence identity to each other [42]. Using such database is
much more rigorous and interesting. In addition, another aspect
of mentioned research is applying functional domain composi-
tion that is also an extremely important and promising direction.

As it is obvious from the results of jackknife test, o/ class
has the higher IA than o+p class. This may be related to the
proportion of a/p class in the training sets in which a/p class
occupied the bigger part. As a supervised learning method, it
makes it easier to capture characteristics that feed more training
objects to neural networks.

In statistical prediction, the following three cross-validation
tests are often used to examine the power of a predictor: indepen-
dent database test, sub-sampling test, and jackknife test. Of these
three the jackknife test is thought the most rigorous and objective
one (see [43] for comprehensive review in this regard), and hence
has been used by more and more investigators [36,39,44—67] in
examining the power of various prediction methods.

Hybrid models can predict the structural class of proteins,
using restricted number of sequence parameters among 420
sequence parameters this is one of the most important advantages
of these models. In general, the results showed that by use of
hybrid neural discriminant model, one can provide adequate
information for an accurate prediction applying a few sequence
parameters, only including single and dipeptide compositions.

Using dipeptide composition strengthens the approach in
comparison with using amino acid composition [68,69]. It is
anticipated that the prediction quality of the current approach
can be further improved if the amino acid composition is
substituted by the pseudo amino acid composition [70] because
the latter can incorporate a considerable amount of the sequence
order effects as demonstrated in predicting other attributes of
proteins [39,40,56,61,62,67,71-74].

This study showed, LDA as an algorithmic model could
predict protein structural classes with high PA that is
comparable with other algorithmic and non-algorithmic models.
ANNs at the second stage of hybrid model did not show obvious
difference accuracy in PA value comparing with LDA at the
first. A plausible reason for this result is the enormous number

of selected sequence parameters in the first stage of hybrid
model that caused overfitting in training of ANNS. In fact, with
the presence of more selected sequence parameters in
comparison with our previous hybrid model that selected only
sixteen parameters, needed time for neural network training
procedure in the second stage and the probability of overfitting
occurrence is increased and therefore lower precision and
reliability obtained are in this way.

In the procedure of applying hybrid models for prediction of
protein structural class, we concluded that these models can
give more precise, more reliable and more accurate results than
other commonly used models. In this regard, using such hybrid
models would be recommended in other fields of structural
bioinformatics.
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