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Protein Secondary Structure Prediction with

Gated Recurrent Neural Networks
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Abstract: In computational biology, the protein structure
from its amino acid sequence is difficult to predict, which impact
the design of drug and molecular biology. | mproving the accuracy
of predicting acceptable protein structure is the main problem of
predicting structure problem. The deep learning method is
suitable for high level relation feature from the target protein
sequence. Recurrent Neural Network(RNN) handle sequence data
in effective manner. Experiment conducted on a well-known
standard data set of the RCSB[12] shows that our model is
extensively better than the state-of-the-art methods in different
statistical measurement. This study makes clear and carry out the
deep learning method can increase the protein properties and
achieve a Q3 accuracy of 86 percentages .

Keywords- Protein Structure prediction, Recurrent neural
network, Long short term memory.

I.INTRODUCTION

Proteins play a main role in the human body's biol ogical
systems. Proteins are large, difficult molecules that play a
number of major tasks in the body.

Thereisadifficult dependence between the sequence of a
protein and its structure and one of the main computational
biomedical challenges is to specify the structure for protein
sequence [1], protein structure is the amino acid segquence
ordered in the chain of polypeptides. The secondary
structures  of proteins are called repeated regular
conformations on the polypeptide chain. Classicaly,
secondary protein structures are described as three general
conditions: helix (H), strand (E), and coil (C).

Predictions of the three state protein sequences known as
Q3 prediction issues have been researched intensively using a
variety of machine learning algorithms for decades, including
the probability graph models [2,3], support vector machines
[4, 5], hidden Markov models [6,7], artificial neural network
[8].

Some early attempts to predict secondary structure have
used quantitative methods, using properties gather from
proteins with aready define secondary structure, the ideas
achieve accuracy more than 65% [9].

Machine learning method have used support vector
machines [9] and neural networks for protein prediction and
it has proved [9]. The technique of machine learning
algorithmswith protein sequence profiles on homology was a
major step forward in secondary structure prediction,
increasing accuracy to 70-79% [9].
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Protein sequence profiles were utilized in the SPINE
neural network method reach 79.5% accuracy [9]. The deep
learning methods can extract the features of amino acid with
hidden structure in protein sequences compare with
traditional machinelearning methods. Biological derived data
is often sequentia for example amino acid sequence and
DNA. The Neural network architectures can handle
sequential data by naturally. Based on the Neural Network,
the proposed system implements the LSTM network to
predict protein structure for better performance.

In this work, the deep learning model is designed by
long short time memory with and Recurrent neura
network(LSTM-RNN). The LSTM system combines the
learning of the features of the different protein properties and
the estimation of the secondary protein structure to a high
level.

[I.THE DEEP LEARNING MODEL

The type of neural network designed to handle
sequencing dependence is called a recurrent neural network.
The LSTM RNN Network is used in deep learning asit is
possible to successfully train very large architectures.

1.Simple RNN

The efficient method for handling sequence data is Recurrent
Neural Network(RNN),. The process of RNN is shown in

fig(1).
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A hidden state is formed as a matrix of zerosin the first
step, so that it can be delivered to the RNN cell along with the
first input in the sequenceln basic RNNs, output data and
hidden state are multiplied by weight matrices activated by
Xavier or Kaiming. The multiplication result will be moved
through the activation function (such as the tanh function) to
introduce non-linearity. he hidden state that we have
generated will then be fed back into the RNN cell together
with the next data, and this process continues until we run out
of input or the system is designed to stop producing outputs.
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output, = (weight yep,: *hidden, ) (2)

2. Long Short-Term memory Network

German researchers Hochreiter and  Schmidhuber
proposed the key ideafor Long Short-Term Memory (LSTM)
in 1990s., It would allow the RNN to retain information over
alonger period of time, not just between two stages in time.
The LSTM cell allows the network to collect and store such
relevant information and, if necessary, to inject it back into
the model

Long short-term memory (LSTM) is a system which can
learn task by using deep learning and avoids vanishing
gradient problem [10]. LSTM is strengthened by repeated
gatescalled "forget" gates and the memory of eventsthat have
occurred in history isrequired to learn tasks.

3. Working principleof LSTM

Long-short term memory network is powerful
algorithm that can classify, group and make predictions about
data, particularly time series and text. This feature address
the problem of "short-term memory" of RNNSs.

The differences between RNN and LSTM model
are shown in fig2.
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Figure2: SimpleRNN vs LSTM
The LSTM cell keeps three different part of data the current
input data, the previous cell's short-term memory and the
long-term memory at last.

The short-term memory is hidden state cell is shown fig 3.
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Figure 3 Working Priciple of the LSTM cell
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The cell is uses as gates to standardize the data to be
processed or discarded at each stage . These gates are called
the Input Gate, the Forget Gate, and the Output Gate.

i)Input Gate

The input gate select key data from long- term memory
that is the information from the function of previous stages
short term memory and sequence of input. This information
sent to the sigmoid function whichisLSTM cell,and it create
the layer sigmoid function sends information as 0’s and 1’s.
The 0 indicates not related information and 1 indicates useful
information.

i, =a(Wy. (He_y,x) + bias;, )

The next layer is short-term memory and the current input
pass through an activation function to manage the network,
commonly refer tanh function.

i, = tanh (W,. {Hr—pxr] + bins;, (4)

:-I'i’!pizt': iy *is (5)

ii)Forget Gate

The gate forgets that data should be preserved or
discarded from the long-term memory.

The forget vector is selected filter layer from the input
layer. The short-term memory and output is send to sigmoid
activation function to obtain the forget variable, similar to the
first layer in the above Output Gate, but with different
weights. The vector value is 0s and 1s and select which
long-term memory to maintain.

F=a(Wrge: (Hepxed+ biasgorger ) (6)

The outputs of Input gate and the forget gateis give
point wise addition to new key of thelong-term memory,
which will be pass on to the next cell
Co=C=f+ Linpur (7)

iii) Output Gate
The output of the current stage can be derived from hidden
state and it creates the third filter, the previous short-term
memory and current input will be transfer to a sigmoid
function again with different weights.

0, = ”':1'Vn-urpur1.- (Heyxp) + biasy, tputl (8)

0, = tanh I:-'i'ﬂ"'r|:r|_1t1:|1.1t: G+ hiasn‘utput:] ©)

He 0; = 0,+0, (10)
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The short-term and long-term memory designed by gates
and it carried over to upcoming cell for the process to be
recurring.

[11.EXPERIMENTSAND RESULTS

A.Data Sour ce and Representation

Protein sequence information is available in online
databases. The main dataset lists peptide sequences and their
corresponding secondary structures. It is a transformation
of https://cdn.rcsb.org/etl/kabschSander/ss.txt.gz downl oad
from RCSB PDB [12] into atabular structure.

1.The dataset consists of a 58673 sequence of amino acids.
Thereisno redundancy inthelist of protein sequences and the
results obtained from experiments are evaluated. We have
divided the obtained protein sequencesinto 46863 sequences
for train data and 5923 for testing and the rest5 887 for
validation model.

2.The datasets to sequences no longer than 128.

B. Experimental Results

The result of Protein secondary structure prediction
accuracy asshownin Table 1 and training and validation data
curve isshownin fig (5,6,7).

C. Implementation

For this proposed work, Jupyter Notebook with python 3.0
is used for implementing the model. Scikit-learn libraries are
mostly used for predictions with high performance.
Scikit-learnisamachinelearning library and it isan extension
to Keras Library is used for the deep learning neural network
implemented in this work.

Input the pre-processed seguence, passit to an LSTM
layer that returns a 100 dim sequence. This then goes through
a Dense layer and finally a softmax is applied in order to
predict the probability of each of the 3 states at every time
step.

The architecture of the LSTM Model developed is as shown
inFig4.

Layer (type)

Output Shape Param #

input_1 (InputLayer) (None, None, 22) [}

bidirectional_1 (Bidirection (None, None, 200) 98400

time_distributed_1 (TimeDist (None, None, 100) 20100

time_distributed_2 (TimeDist (None, None, 4) 404

Total params: 118,904
Trainable params: 118,904
Non-trainable params: ©

Figure 4 Architecture of the model

In particular, repeated experiments with lower node quantity
variation between secret layers would almost certainly result
inamore successful model and  various vaues for
parameters, such as batch size and number of epochs, could
well help the prediction process[9].
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TheModel istrained with different iteration and learning rate
(Table 1 and 2).

Table1 LSTM and Keras embedding M odel with Epoch

LSTM Epoch Accuracy (%) Training
time

Model1 10 0.804 52 mins.

Model2 20 0.849 130 mins.

Model3 40 0.856 253 mins.

Table2 LSTM and Kerasembedding Model with
Learning |Rate

LSTM Epoch Learningrate Accuracy (%)
Model4 40 .001 85.6
Model4 40 .002 86
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D. Learning curve For Model

Training system performance curves on the train and
validation datasets used to test the under-fit, over-fit or
well-fit model..

The learning curves for this approach are shown in figure
(5,6,7 .) for the model 1 and model 2, model 3.

The Learning curve LSTM shownin fig(5,6,7) for the
model 1 and model2,model 3.

0.5 —— Training loss |
—— Testing loss
04
03
] 2 4 & ]
0.80
075
0.70 —— Training accuracy |
—— Testing accurac
065 ¢ !
0 2 4 ] B
Figure5

pza| —4m4m—m—mM@Mm@™@M@mMm8m8 — _ —

022 —— Training loss |
—— Testing loss

0.20 \——_\_\_

0.0 25 50 75 10.0 125 15.0 17 5

0.88 ’_/‘/_’__r——f——’_-
087 —— Training accuracy |

—— Testing accuracy

-‘_-f.___r_____'_ﬂ_q__’._.—-————-—-—-——rhq,/-‘_‘—-—-“

oo 25 sa 75 100 125 150 175

086

085

Figure6

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication

Exploring Innovation'



https://cdn.rcsb.org/etl/kabschSander/ss.txt.gz
https://www.rcsb.org/

Protein Secondary Structure Prediction with Gated Recurrent Neural Networks

05 —— Training loss
= Testing loss
0.4 -
03
0.2 . .
V] 40
0.8
07 = Training accuracy
—— Testing accuracy

0 5 10 1I5 20 25 30 k5 40

Figure?7

Output of Protee_in structure Prediction

test sequence 1 of 18:

original sequence:
MKTAYDVILAPVLSEKAYAGFAEGKYTFWVHPKATKTEIKNAVETAFKVKVVKVNTLHVRGKKKRLGRYLGKRPDR
KKAIVQVAPGQKIEALEGLI

predicted structure:
CCCCCCCCEECCCCHHHHHCCCCC
EEEEEEECCCCCCCCCCCCC

CCCCCCCCCCCCECCCCE

CCCCCHHHHHHHHHCCCCC

actual structure:
CCCCCCCEEEECCCHHHHHHHCCCEEEEEECCCCCHHHHHHHHHHHCCCCEEEEEEEEE CCCCCCCCCCCCCCCCE
EEEEEEECCCCCCHHHHCCC

V. DISCUSSION AND CONCLUSION

The LSTM has been trained with the RSCB dataset.
Number of epochsand Learning rates of different modelswith
LSTM are observed and compared in Table 1 and 2. The
observation finds the model4 of LSTM reach high accuracy is
86% (Q3 Accuracy) with 40 epochs by learning rate of 0.002.
In future work, The system aims to consider a bigger and
deeper network to increase the accuracy of protein structure
prediction. The Experimental obtained prediction accuracy of
the proposed model is 86% and results are shown in the

graphs.
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