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Protein secondary structure prediction based on CNN and LSTM models
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Abstract; The prediction of protein structure is of great significance in understanding the structure and the
biological function of proteins. The prediction of protein secondary structure is an important part of protein structure
prediction. When PSSM position-specific evolution matrix is widely used to encode the primary sequence of a
protein, and used as input sample, each residue can be represented as a two-dimensional data plane. Therefore, a
convolutional neural network can be adopted as a model to train them. In this paper, we also designed another type
of CNN in which LSTM were used to perceive the features of CNN last convolution feature maps both horizontally
and vertically, and completed classification collaboratively with the fully-connected neural elements of convolution
model. Finally, an ensemble method was adopted to integrate these two types of CNN models. This designed
ensemble method includes six models of these two types of CNN. The Q3 accuracy obtained from CB513 is 77.2.
Keywords : CNN ; LSTM ; Protein secondary structure prediction ; Ensemble method
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Fig.1 Simple architecture of convolutional neural network
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Fig.2 Simple schematic of LSTM

LSTM AR IY fy i A B8 R A R/INAE JEE | 4

1.3 % LSTM 5 CNN A&
TEASCHR Y 7 %8, 7E CNN 19 Flatten JZ22Z
FI (TR 1 Ao B2 hy) R by e a x b xn Y
HRVERAEE R P o A b 23 )k B BV AR 1 Y
KRG n B BURHE T AN, 8 T 2R
LSTM 7Y 43 5514 36 FURRAIE 181 20 1) HE 51K 45 7R
*FVEWHTI‘W@F%A LSTM #f 22 % 4% | {45 35
ST TR 1) HE S A5 BRI T PR B A Dy Bk i) 4
f“im/\—/\ LSTM 1 28 ) 4%, 5 J& F P 4> LSTM 119
a3 [R) 6 BURR A T M [R] 24803 Concatenate #24E 42

LSTM i A BOREAAN I, o 1 ) A 15— AN I L4 1 1 softmax FSEJM /I (MNP 3)
Fall v St
LSTMIR [a]
CNNI s
Ak {
A4 Ha
@b BB | a2 BT | 0 b VR T

\ )

1
|Nﬁ\%a‘~%%%¢ﬁ, N=#§a‘~Hf%‘iﬁ|

CNN2

Hbb) F 4AE
LSTMH [
N4 a*b R IETH
TRFAE
i, N= B €111 R
ol & | B
T b BB

It i) P B b
LN
LSTM2

CNN3

LSTMI

BRI Flatten

BAVRHE IR O RFALE

ARV L T A58 ) AL

\4

Softmax

B3 LSTM 5 CNN @& REE
Fig.3 Schematics of combination of LSTM and CNN
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Fig.6 Encoding diagram of protein sample
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Table 1 Cross validation test results for CNN %
T Q3 QC QE QH
R 1 76.7 83.7 61.2 77.3
R 2 76.8 83.1 63.6 76.8
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% 2 (CNN+LSTM {363 RIGIE4ZR)
Table 2 Cross validation test results for CNN+LSTM %
HELHR Q3 QC QE QH
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Table 3 Test result of Ensemble method %
i Q3 QC QE QH
Ensemble 77.2 85.4 63.2 75.5
Ensemble ( cnn+lstm only) 76.6 86.1 62.7 73.0
Ensemble( cnn only) 76.9 83.7 63.0 77.1
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Table 4 Comparison of prediction results for CB513 dataset by different methods %0
i Q3 QC QE QH
ELM!'! 71.2 76.9 63.1 67.6
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