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Abstarct: Protein Secondary Structure (PSS) is one of most
complex problem in biology PSS is important for determining
tertiary structure in the future, for studying protein fiction and
drug design. However, Experimental PSS approaches are time
consuming and difficult to implement, and its most essential to
establish effective computing methods for predicting on protein
sequence structure. Accuracy of prediction performance has been
recently improved due to the rapid expansion of protein sequences
and the design of libraries in deep learning techniques. In this
research proposed a deep recurring network unit method called
stacked bidirectional long-term memory (Stacked BLSTM) units
to predict 3-class protein secondary structure from protein
sequence information using a bidirectional LSTM layer. To
evaluate the output of Stacked BLSTM, using publicly available
datasets from the RCSB server. This study indicates that
performance of our method is better than the of that latest
stranded public dataset. The accuracy achieved is more than 89%.
Keywords: amino acid sequence, Protein secondary structure,
deep bidirectional LSTM.

I. INTRODUCTION
Proteins are the sequence of amino acids that are essential
components of the structure and purpose with a wide range of
tasks, with structural support, virus protection and muscle
contraction. The structure of protein can be classified as
primary refers to the linear sequence of amino acids and the
secondary is regional sections of protein chain joined into Q3
or Q8 class secondary structures. In this research, concentrate
on prediction the secondary protein structure of the primary
sequences uses simple Q3 labelling method. This method
again split into three subclasses called helix, string and loop
or coil. Recently, the growth of neural network technique,
comparable to machine learning prediction experiments. The
following are the pervious deep learning various technique
and the test accuracy are take from different literature
reviews. They are deep Convolution Generative Stochastic
Network, gets output of 66.4% accuracy[22],Long short term
memory units got result of 67.4%[23], Convolution neural
fields gaining output of 68.3%[25] and bidirectional LSTM
with and without conditional random field(CRF)[26),
achieving result of 69.4% and 73.3 %. accuracy respectively.
As a conceptual deep learning method for the processing of
sequence data, LSTMs have proven to be capable of
manipulating sequence data[5] and applying it to many
real-world problems. like recognition of speech[6],captioning
of image [7],

composition of music [8] and human prediction of
trajectory [9].Currently, LSTMs have been more effective in
sequencing because of its long-term dependencies capability.
Various research [19 ] have been performed to analyze the
suitability of LSTMs in bioinformatics, and the outcome of
LSTM is shown. From the scale view of predicting the protein
structure, long sequence has become an important and
challenging topic. Based on the complexity of the architecture
the LSTM-based system, the design should able to fetch the
structure prediction system's dynamic nature.
Recent studies proposed, LSTM prediction method have
close to shallow architectures with one hidden layer to handle
the time series data [15,12,16]. Early research [10,11 ] clearly
shown deep LSTM units on multiple hidden layers will
gradually increase the higher rates of data subsequent
representation. However some research [13-14] used
additionally more than one hidden LSTM layer and it
necessary to compare and explain the impact of the number of
LSTM on different LSTM-based models.
All information presented in sequence information should
be fully utilized in terms of dependency on prediction
problems. Normally, the data set feeding to the LSTM model
is arranged chronologically, resulting in the transmission of
the information in the LSTMs from time step t to t-1 along the
structure in a positive direction. The LSTM structure uses the
forward dependencies to analyzing the periodicity of
biological data from both forward and backward temporal
viewpoints; in particular of repeated sequence patterns can
enhance predictive efficiency [3,4].
However, study on our review of the literature, the
backward dependence was used by few studies on sequence
analysis. This research adopts a bi-directional LSTM
(BLSTM) as a part of the network structure have potential to
handle the both forward and backward dependencies.
This present study, stacked LSTM with bidirectional
(Stacked BLSTM) network for predicting the secondary
structure. The proposed model can accommodate missing
values for input data and is evaluated on both large-scale
sequences. Results of the experiment show that with a high
predictive accuracy, our model achieves secondary structure
prediction.
II. METHODOLOGY
The proposed Stacked bi LSTM architecture are explained
in detail and models illustrations in eventual sub-sections all
take as examples the protein structure of prediction.
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2.1 Simple RNN

Fig. 1. Standard RNN architecture
The RNN is a powerful deep learning tools that utilize its
internal memory to handle sequence data with loops. The
RNN architecture, which is also the basic framework of
LSTM and it shown in fig.1. The hidden layer input is vector
X and it produce the output vector Y. The right side of the
figure shows calculation, at each time iteration t, ht was
update by on xt and ht-1 was updated by equation 1.
(1)
is weight matrix ,
is weight matrix between
,
is bias vector and bh is activation function to
generate hidden state, output
(2)
where
is matrix of output layer, bias vector denotes by
and activation variable is
. The basic problem in RNN is
that it is dealing with Vanishing Gradient problems.
Vanishing Gradient problem occurs most of the time when we
are concerned with large sequence data sets.
2.2 Long short term memory
To fix the above drawback of RNNs, various advanced
recurrent neural units, including LSTM methods [2] are
proposed on long-term dependencies sequence data.
However the number of common LSTM models have been
introduced in previous studies although none of the variant
will
significantly
gives
the
better
LSTM
architecture[17].Therefore, as part of the proposed network
structure, the generic LSTM architecture with more layer is
implemented in this analysis and hidden layer is only
difference between this architecture [18],This referred in
LSTM cell and it is shown in Fig.2. Here forgotten gate, helps
LSTM cell and scalable technique is used for number of
sequential data-related learning problems [17].
Similar to RNNs, for every iteration time t, the LSTM cell
has input xt and output ht and for complex cell input state is
Čt, output state Ct. The earlier LSTM cell output is Ct-1.,.
Because of the gated design, LSTM able to manage long term
memory dependencies to permit applicable sequence data
shift to LSTM units. Here for time t, input gate tt, forget gate
ft, and output gate ot. it was shown in fig2.and gate calculation
was done by below equations.
(3)
)

)
(6)
Here Wf, Wi, Wo, and Wc refers the weight matrices used
for mapping also Uf, Ui, Uo, and Uc refer weight matrices that
joined the pervious output to the next input state , Where bf,
bi, bo, and bc are bias and is the activation function and
tanh is tangent function. The pervious equation is used to
calculate Ct and ht with at each time iteration based on their
results.
(7)
(8)
The final output is a vector and all the outputs represented
by a sequence.

Fig. 2. LSTM Networks
2.3 Stacked Bidirectional LSTM
The fundamental aim of bidirectional recurrent neural
network(BRNNs) proposed by Schuster and Paliwal, 1997
and Baldi et al., 1999. In this system to address the training
sequence data both forward and backward uses more than one
recurrent network.
It implies that the bidirectional RNN has increasing,
subsequent data about all points before and after every point
in a cretin series. Moreover, the target delay length
bidirectional recurrent network is less consider by doing so
the result is improved in sequence learning tasks, particularly
in prediction of protein structure (Baldi et al., 2001 Chen and
Chaudhari,2004). Prior studies [23] gives several hidden
layer LSTM units with efficient sequence data effectively. Fig
3. shows that stacked bidirectional Long short term memory
architecture.

Fig. 3. Stacked bidirectional LSTM Networks
In this study deep Bidirectional LSTM architecture design
with three layer, which is LSTM 1 and LSTM2,prediction
layer that is called output layer with activation.

(4)
)
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III. EXPERIMENTS
3.1 Dataset Description
There are several reference databases accessible on
protein secondary structure prediction. The RCSB data set,
consisting of a 93953 sequence of varying lengths, is the
most complex data set dependent on the highest accuracy
achieved using deep learning approaches. The database
comprises of sets of amino acids labeled with a secondary
structure. Sets and frameworks have been extracted from
RCSB and annotated by DSSP [ Kabsch & Sander, 1983 ].
The complete data set consists of 58673 non-homologic
sequences and the data set is spilt into 46863 training, 5887
testing, and 5923 validation is used in this work with a limited
length of 128 or less.
3.2 Implementation of Stacked Bidirectional LSTM
Tensorflow is the development of a conceptual system and
the backend for Keras. First of all, we are designing our new
Keras API Bidirectional LSTM. The stacked BLSTM is
introduced by the Keras LSTM framework. We practice the
model and change the parameters of the bidirectional LSTM
using the Adaptive Moment Estimate (Adam) activation
function. Table 1 indicates deep learning approaches usually
have variable parameters.
3.3 Analysis of Experiment Results
The result is shown in Table 1 with difference turning
hyper parameter from experiment select best model with high
accuracy, result achieved learning rate 0.002 with 40 reach
high accuracy showing positive for the parameter turning so
further tuning the parameters and stacked BLSTM provide
better result shown Table 3.However, we compare our
method with DeepCNF(Wang et al.2018) proposed an next
version of CNF (DeepCNF) by deep neural networks, which
was an join the method between CNF and shallow
convolution neural networks and DeepACLSTM[27].Table2
shows a comparison of the results with the accuracy of Q3 for
proposed and baseline methods with deep learning
techniques.
Table1.The Comparison of results with various
parameters with stacked bidirectional LSTM
Model

Samples
used for
Training

Samples
used
Validation

Samples
used
Testing

Learning
rate

epoch

Loss

Accuracy

Stack
ed
bidir
ectio
nal
LST
M

46863

5887

5923

0.001

50

0.231

0.85

BLSTM

46863

5887

5923

0.002

40

0.232

0.861

BLSTM

46863

5887

5923

0.003

40

0.232

0.859

Method
DeepCNF
DeepACLSTM
SBLSTM

Accuracy %
68.3
74.2
89

Samples
used for
Training

Sampl
es
used
Valida
tion

Samp
les
used
Testi
ng

Learn
ing
rate

epo
chs
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50

0.213

0.893

A stacked bi-directional LSTM(Stacked BLSTM) units for
prediction the protein secondary structure is proposed in this
paper. Furtherance and benefaction in this study focus on two
perspective 1) we propose stacked architecture, taking into
account both forward and backward dependence on protein
structure prediction 2) Limited sequence length 128 or less.
Experiments have shown that Stacked BLSTM is best model
to predict 3-class of protein secondary structure and it has the
potential to gather high complicated sequence associations
between amino acid residues. In future this work can be
extended to prediction of super secondary structure.
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