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Abstract. As the basis and key of cell activities, protein plays an important role
in many life activities. Protein usually does not work alone. Under normal cir-
cumstances, most proteins perform specific functions by interacting with other
proteins, and play the greatest role in life activity. The prediction of protein-
protein interaction (PPI) is a very basic and important research in bioinformatics.
PPI controls a large number of cell activities and is the basis of most cell activities.
It provides a very important theoretical basis and support for disease prevention
and treatment, and drug development. Because experimental methods are slow
and expensive, methods based on machine learning are gradually being applied to
PPI problems.We propose a newmodel called BiLSTM-RF, which can effectively
predict PPI.

Keywords: Deep learning · Protein-protein interaction · LSTM

1 Introduction

In 2020, the outbreak of the COVID-19 epidemic ignited the enthusiasm of pharmaceu-
tical companies for the protein [1, 2]. With the inactivation of domestic COVID-19 and
the approval of adenovirus and recombinant protein vaccines, the progress of vaccine
has become the focus of attention [3]. On November 9,2020, Pfizer of the United States
announced that the mRNA novel coronavirus vaccine BNT162B2, developed in collabo-
ration with BioNTech in Germany, is effective in healthy subjects not infected with 2020
and has contracted novel coronavirus and is more than 90% effective. This was followed
by that, on November 16, 2020, novel researches released the results of phase 3 clinical
experiments with the COVID-19 vaccine, mPROTEIN-1273, indicating that the vaccine
has 94.5%protective efficacy [4–6]. In June 2021, themRNAvaccineARCov, developed
by Amber Bio, is about to become the first mRNA vaccine in China to enter the phase
3 clinical stage. According to statistics, more than there are 200 COVID-19 vaccines
in development worldwide, 48 of which have entered the clinical research stage. Now,
PROTEIN therapy has become a hot investment spot of heavy capital bets, and more and
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more academic research institutions and pharmaceutical companies are making efforts
in this field [7–9]. Thus, protein has become a research direction that cannot be ignored
in the current market.

Within organisms, protein has very important cellular functions, including synthetic
proteins, catalytic reactions, regulating gene expression, regulating innate immunity,
and sensing small molecules. On the one hand, protein is an important link of genetic
information expression [10–12]. On the other hand, protein also modulates some impor-
tant life activities. In recent years, with the researchers’ research on PROTEIN structure,
various scientific research achievements have come in. For example, scientists from insti-
tutions like the University of Toronto have developed a new technique called CHyMErA
(Cas Hybrid for Multiplexed Editing and Screening applications) that is applied to any
mammalian cells while systematically targeting DNA fragments at multiple sites. Pro-
fessor Gao Caixa of the Institute of Genetic and Developmental Biology of the Chinese
Academy of Sciences and his team optimized a guided editing system (prime editing
system, PPE) to produce the required point mutations, insertions, and deletions in the
two major cereal crops. The main components of the PPE system are the Cas9 incision
ase-RT fusion protein and protein [13–16].

In this paper, a new prediction framework was constructed to predict different pro-
teins according to their characteristic numbers. We compare the proportion of positive
and negative samples, and test the accuracy of the proportion of positive and negative
samples. The results show that, although the model has satisfactory prediction perfor-
mance, it has some shortcomings, such as embedding more advanced super parameter
selection scheme in the system, further optimizing the proposed deep learning frame-
work,Deep learningmethods are time-consuming, andneed to paymore attention to deep
learningmethods based on PU and heterogeneous computing, which can be strengthened
in future research.

2 Methods and Materials

The data should contain more characteristic values, and the total data should not be too
small. In that case, the network of training is not fit well, and the classification effect will
not be very good. The physical and chemical properties of the proteins can reflect the
differences between different proteins and can be used as the characteristic number. Then
the proteins are roughly divided into two categories, and the positive and negative labels
are taken as the last column of the data. Finally, the characteristic number of proteins
is 406, and 407 columns of data are obtained by adding tag column. For classification
problems.

The performance of amodel is determined bymany things.One of themost important
factors is feature selection. Extractionmethod. Feature extraction can change ourConvert
raw data into features that better represent the data. Improving the prediction accuracy
of unknown data. It directly affects the prediction results of the model. At present,
researchers have proposed many feature extraction methods which are dedicated to
extracting the most effective features from data for classification and identification.

Tominimize training errors, Gradient descentmethods, such as applying a time series
back-propagation algorithm, can be used to modify the weights of each time based on
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errors. The main problem with gradient descent in recurrent neural networks (RNN)
was first discovered in 1991 when the error gradient disappeared exponentially with the
length of time between events. When LSTM blocks are set, the error is also calculated
backwards, from output to each gate in the input stage until the value is filtered out.
Normal retransmitting nerves are therefore an effective way to train LSTM blocks to
remember long-term values.

After obtaining a group of data with positive and negative sample labels, ten-layer
cross validation is carried out to obtain the training set and test set, and then the labels
and data are separated and processed respectively. Here, a group of positive and negative
sample ratio of 1:10 is taken as an example. In order to get the best proportion of training,
we test it from 1:1 to 1:7, and judge its accuracy by ACC value and ROC curve. Acc
reflects the model’s ability to classify positive samples correctly.

Therefore, training data should be converted to cell array, and training data label
should be converted to category type.

The basic model structure of LSTM can be made with deep network designer in
MATLAB. The characteristic number of the data is determined, and the corresponding
parameters are written according to the model structure of LSTM. Based on this model
structure, we can clearly see the internal structure and data function of LSTM at each
layer. The parameters of each layer should be modified according to the actual data.

Sequence input layer (inputsize): sequence input layer, specify input dimensionlstm-
Layer: Determine the number of LSTM hidden units.

Lstmlayer (numhiddenunits, ‘outputmode’, ‘last’): bidirectionalLSTMlayer. It spec-
ifies the hidden node, and the output mode is ‘last’, that is, the last classification value
is output.

Fully connected layer (numclasses): full connected layer, specifying the number of
output classes.

Softmax layer: this layer outputs the probability of each category.
Classificationlayer: classification layer, which outputs the final classification results,

similar to probability competition voting.
Determined the relevant parameters of training options, including optimization func-

tion, initial learning rate and iteration times. LSTM does not support multi-core opera-
tion, so in the running environment parameter, only CPU or GPU can be selected. But
GPU support for convolutional neural networks requires a GPU device with compute
capability 3.0 or higher.

The problem of fitting should be considered in the training process. If the correct
rate of training is very high, but the correct rate applied to the test set is very low, then
the practicability of this network will be very low, that is, there is the problem of over
fitting.

Through the training set to get the network, and then put the test set into the network
to test, get the final prediction result through the network, and compare the result with the
label of the test set to get the correct rate. Adjust the proportion of relevant parameters
and training set test set in time.
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3 Results

The main analysis method of ROC is to draw this characteristic curve. The abscissa of
the curve is the false positive rate (FPR), and N is the number of true negative samples,
FP is the number of positive samples predicted by the classifier in n negative samples.
The ordinate was true positive rate (TPR), P is the number of real positive samples, TP
is the number of positive samples predicted by the classifier.

If we want to make a quantitative analysis of the model, we need to introduce a new
concept, namely AUC (area under ROC curve). This concept is very simple, that is, the
area under the ROC curve. To calculate the AUC value, we only need to integrate along
the transverse axis of the ROC. In real scenes, the ROC curve is generally above this
line, so the AUC value is generally between 0.5 and 1. The larger the AUC, the better
the performance of the model (Table 1).

Table 1. The performances of each ratio of positive and negative data.

pos:neg 1:1 1:2 1:3 1:4 1:5 1:6 1:7 1:8

Acc 0.7451 0.7360 0.7690 0.7546 0.7806 0.7530 0.7879 0.7506

Through the ten layer cross validation method to divide the training set and test set
can also effectively give the network sufficient data for training. It can be seen from the
results that the classification effect of LSTM is mostly better. It can be seen that the ACC
value is generally above 0.7, that is to say, the overall classification effect of LSTM is
relatively good. Through the different proportion of positive and negative samples, we
can find that the ACC value is the largest at 1:7, that is to say, the network classification
effect is the best at 1:7. Of course, for the classification problem, the influencing factors
are not only the positive and negative sample ratio, but also the number of features of
the data. When the number of features is less, the classification result is poor. When the
number of features is more, the classification result is good, but the running speed will
become worse. Therefore, we need to find the appropriate positive and negative sample
ratio and accurate data eigenvalues. The effect of LSTM classification of such data can
best meet people’s needs.

The shortcomings of LSTM. LSTM allows information to be stored across arbitrary
time lags, and error signals to be carried far back in time. This potential strength, how-
ever, can contribute to a weakness in some situations: the cell states S often tend to
grow linearly during the presentation of a time series (the nonlinear aspects of sequence
processing are left to the squashing functions and the highly nonlinear gates). If we
present a continuous input stream, the cell states may grow in unbounded fashion, caus-
ing saturation of the output squashing function, H. This happens even if the nature of the
problem suggests that the cell states should be reset occasionally, e.g. at the beginnings
of new input sequences (whose starts, however, are not explicitly indicated by a teacher).
Saturation will make H derivative vanish, thus blocking incoming errors, and make the
cell output equal the output gate activation, that is, the entire memory cell will degen-
erate into an ordinary BPTT unit, so that the cell will cease functioning as a memory.
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The problem did not arise in the experiments reported by Hochreiter and Schmidhuber
because cell states were explicitly reset to zero before the start of each new sequence.

4 Conclusions

In this paper, a new prediction framework was constructed to predict different proteins
according to their characteristic numbers. We compare the proportion of positive and
negative samples, and test the accuracyof the proportionof positive andnegative samples.
The results show that, although the model has satisfactory prediction performance, it
has some shortcomings, such as embedding more advanced super parameter selection
scheme in the system, further optimizing the proposed deep learning framework, Deep
learning methods are time-consuming, and need to pay more attention to deep learning
methods based on PU and heterogeneous computing, which can be strengthened in future
research.
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