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Abstract. Infection with viruses is one of the main causes of human illness and even death in 

today's society. Vaccination can help people fight the virus. However, virus mutation will always 

cause vaccines to fail. Predicting the mutations of viral could help detect the mutated virus early 

and develop new vaccines so to reduce the rate of infection and death from the virus. The 

common strategy used to predict virus mutation is determining the important components of the 

virus, like amino acids and proteins, then using deep learning or machine learning methods to 

construct models. It is an effective strategy. However, using this strategy always cause people to 

spend lots of time and money studying the component of the virus, like amino acids, proteins, 

nucleic acid and so on. To increase efficiency and reduce the cost of research, a new method that 

can predict virus mutation based on nucleotide sequence alone is something people looking 

forward to. In recent years, in natural language processing, building a sequence-to-sequence 

model is becoming a popular and effective method to deal with textual data. As a type of text 

data, using the idea of sequence to sequence should be good to deal with the RNA sequence. In 

addition, in terms of the past study of predicting virus mutation, RNA sequence as a kind of time 

sequence, people generally use long short-term memory (LSTM) methods to handle it. Thus, in 

this study, we would combine the idea of the sequence-to-sequence model with LSTM method 

to predict the possible mutation of the virus. This experiment studies the mutation of two typical 

influenza viruses and achieves encouraging results. 
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1.  Introduction 

1.1.  Virus  

As it is estimated that there are more than 35 million people inflect with human immunodeficiency virus 

(HIV) and millions of people die of HIV [1,2]. HIV is a kind of RNA virus. RNA virus like HIV has a 

strong mutational potential, which means it generally has lots of subtypes. This is one of the main 

reasons that people now cannot cure Acquired Immune Deficiency Syndrome. If people can find a way 

to predict virus mutations accurately, it will not only help people to learn more about HIV but also be 

helpful to learn about other viruses using similar ways. If people can learn about viruses enough, it is 

more possible to develop effective ways to prevent virus infection or cure infected people, like 

developing vaccines [2-4]. Except for RNA viruses like HIV mentioned above, there is another kind of 
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virus DNA virus, which has DNA as genetic material with a double-stranded structure. DNA viruses 

include hepatitis B virus, smallpox virus, and so on. Compared with DNA viruses, RNA virus is not 

stable, since the genetic material of RNA virus is single-stranded rather than double-stranded structure. 

Generally, the virus with single-stranded structural genetic material is less stable than the virus with 

double-stranded structural genetic material. However, the more unstable the virus, the more likely it is 

to mutate. Therefore, RNA viruses are easier to mutate than DNA viruses [1]. If people want to study 

the mutation of viruses, the RNA virus is more worthy to study than the DNA virus.  

1.2.  Mutation 

A virus mutation is a change in the genetic material of a virus, which always produces a new sub-type 

virus. The mutated virus might disable the vaccine for the virus since a vaccine can only be used to 

prevent a specific virus generally not including its sub-types. Even if the vaccine can prevent some sub-

types of the virus, its effectiveness may be diminished. In other words, the mutated virus may infect 

humans although these people have got the vaccine for the original virus [5-8]. Thus, if people can 

develop vaccines for mutated viruses before the virus actually mutate, then people can get these new 

vaccines early and prevent virus inflection more effectively. To develop new vaccines for the mutated 

virus, people should know the basic information about the mutated virus first, especially its nucleotide 

sequence. So, the target of this experiment is to predict the possible nucleotide sequence of the mutated 

virus to provide a reference for developing vaccines. To reach this target, the experiment uses a deep 

learning method called sequence-to-sequence LSTM to predict the possible nucleotide sequences of 

mutated viruses. 

1.3.  Sequence-to-sequence long short-term memory methods 

Sequence-to-sequence long short-term memory model is a kind of special sequence-to-sequence model, 

which adds LSTM layers to the traditional sequence-to-sequence model.  

Sequence-to-sequence model is a kind of deep learning model, which can be applied to machine 

translation, text summarization, video captioning and so on. Sequence-to-sequence models can process 

the data in a sequence structure and the component of the sequence could be words, numbers, letters and 

so on. The output of the sequence-to-sequence model is also in a sequence structure. For example, in 

machine translation, inputting a sentence which is a word sequence and then the translation result from 

the trained model will be a sentence consisting of a sequence of words as well. The sequence-to-

sequence model has two core parts an encoder and then following a decoder. The encoder recognizes 

the context of the input data and constructs the hidden state vector for the input. After the conversion is 

done, the encoder sends the hidden state vector to the decoder. After the decoder receives the input, the 

decoder can then compute and produce the output. Since the input of the task is a sequence structure 

data, the encoder and decoder generally should be made of methods which can deal with sequence input 

like RNN, LSTM, GTU and so on [9, 10]. 

The rationale of LSTM is very similar to the recurrent neural network (RNN), which makes the 

problems like gradient explosion and gradient no longer arise in the progress of training complex and 

long sequences. This indicates that LSTM has better performance than the normal RNN model when 

the trained sequence has complex long-term dependencies. The key to LSTM is states, including hidden 

states and cell states. The hidden states in LSTM are like hidden states in RNN, which represent short-

term memory and cell states can be used to represent long-term memory. The core of LSTM consists of 

three parts, including the forget gate for remembering or forgetting information and the input and output 

gate for delivering information. All these three gates are used to operate states in LSTM. The forget gate 

in LSTM is used to determine whether keep the information with the previous timestamp. To be specific, 

the formula of the forget gate will compute a value as a criterion. If the computed value is 0, the network 

will remember nothing and if computed the value is 1, the network will remember everything. The 

function of the input gate is to determine the importance of the carried information. The formula in the 

input gate will compute a value between -1 and 1. If the value is a negative value, the carried information 

will be removed from cell states. Otherwise, it will be added to the cell states. The function of the output 
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gate is computing the predicted result. In this gate, the current hidden state will be computed according 

to the current cell state. Then, the Softmax function is going to activate the hidden state. The main step 

of this gate is using cell states to update the hidden and use the Softmax function to compute the result 

[11]. 

Sequence-to-sequence long short-term memory model combines the sequence-to-sequence model 

with the long short-term memory method together. Specifically, this model has an encoder and a decoder 

both being made of LSTM layers. The LSTM layers in the encoder summarize the input information 

and output the cell states and hidden states. The decoder will receive the outputs from the encoder and 

produce the next-generation sequence according to the outputs. The next-generation sequence is the 

predicted result looking forward to [12, 13]. 

2.  Related work 

Predicting the mutation of the virus is not a new topic. Using artificial intelligence methods to predict 

virus mutations has been practiced in genetics for a long time. A common strategy to predict virus 

mutations by using artificial intelligence methods is to construct models according to the relationships 

between the cause of the mutation and the mutation site. To be specific, scientists may select some 

features like unique amino acids and proteins in the virus and take mutation sites as targets, using some 

machine learning or deep learning methods to find the stable relationship between features and mutation 

sites [14]. Here are two typical studies. 

Deep learning is often used to predict virus mutations [15]. Xia et al. predicted the H3N2 virus 

mutation by modelling the amino acid sequences of influenza viruses. Amino acids are the result of the 

expression of viral nucleotide sequences. The accumulation of mutations can be recognized by changes 

in amino acids in the virus, which can be used to predict the mutation of the virus. Xia's team uses the 

integrated model consisting of the convolutional neural networks (CNN) and the bidirectional LSTM 

model to predict virus mutation. They use CNN to get the complex local amino acid sequences and 

BLSTM to capture all the rest of the amino acid sequences. Their method performs high accuracy on 

the data sets used for validation. In addition, high accuracy was achieved when the model was used to 

predict mutated viruses in the next one or two years. Thus, deep learning methods can be used to predict 

some virus mutations [16]. 

Some machine learning methods like random forests and logistic regression can also be used to 

predict mutations of some influenza viruses [17, 18]. Yao et al. compared 95 alternative matrices of 

amino acid properties correlating with influenza virus antigenicity predicted by random forest models. 

Then, they modify the traditional random forest regression so that the model can jointly deal with the 

replacement matrix at the top. The RNA sequence used in the experiment is the H3N2 human seasonal 

influenza virus, which is from the period between 1968 and 2003. They use this algorithm to predict the 

possible mutations of the virus. By using some validation strategies like 10-fold cross-validation, they 

prove this algorithm is better than other common methods in predicting the mutation of the virus 

antigenic. Moreover, their experiment also shows that the structural features are the major factor causing 

the mutation of correlating influenza antigenic. After analyzing data from two adjacent antigenic clusters, 

they deduced several key amino acids causing mutations. Finally, Yao constructs an antigenic map for 

all H3N2 viruses researched, which can help to identify the related pathogens quickly [14]. 

The above two types of methods demonstrate the great potential of deep learning and machine 

learning in predicting RNA virus mutations. Nonetheless, it is worth noting that their common ground 

is needing to extract amino acid or protein features that may cause viral mutations and then construct 

models to find the relationship between these features and mutations. Although these experiments 

achieve high accuracy and have certain interpretability, they rely on multivariate data and need a long 

time to research. To get amino acids, proteins and other components data of the virus, people need to 

spend more time and more scientific research funds compared with only extracting the nucleotide 

sequence of the virus. However, if the mutation can be predicted based on its nucleotide sequence alone 

in the future, predicting virus mutations would be easy, efficient, cheap and no longer rely on the data 
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such as amino acids. Therefore, this experiment will try to predict the possible virus mutations according 

to the virus' original nucleotide sequence and expect to achieve high accuracy. 

3.  Method 

3.1.  The dataset 

The viruses studied in this study are two typical influenza viruses, H3N2 and H1N1. The datasets are 

some RNA sequences of the viruses, and they are from the Medline database. The Figure 1 and Figure 

2 are the samples of the RNA sequences. 

 

3.2.  Pre-processing 

The sequences of RNA viruses in the dataset consist of a sequence of letters. If all these letters are 

analyzed together, the model will be unable to recognize possible mutation sites, since now there are 

only two site the head and tail of the sequence. To accurately see where a mutation is going to happen, 

 

Figure 1. A sample RNA sequence of the H3N2 virus. 

 

Figure 2. A sample RNA sequence of the H1N1 virus. 
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it is necessary to pay attention to the details of each part of the sequence. Thus, the sequences should be 

divided into some small pieces. In this experiment, the RNA sequence is divided into several words of 

the same length. Each word consists of three letters like the diagram shown in the Figure 3 [12]. Then, 

to facilitate the input of the sequence into the model, use different number to represent these words. 

Since there are only four letters A, T, C, and G occurred in the sequence, it can be calculated that there 

are only 64 different possible combinations of these four letters to build three letter words. So, the 64 

different words in the divided sequence can be assign as 64 different numbers. Then, replace words with 

numbers and use these numbers as the input for the model later. Finally, make all the sequences the 

same length, since RNA sequence might have different lengths, which means they might consist of 

different numbers of letters. To reduce the difficulty of modelling, find the sequence with the maximum 

length in the dataset first and save the value of the length. Then, compare the save length value with the 

value of the length of all sequences in the dataset. If the length value of the detected sequence is less 

than the value saved, use random items to pad the sequence to meet the requirement of the length of the 

sequence. Generally, the lengths of the RNA sequences have not so much difference. Thus, the random 

items will not have great influence on the extended sequences. So far, the pre-processing for RNA 

sequences is done. The summarized basic information of the datasets is in the Table 1. It shows there 

are 987 samples in the H3N2 dataset. Each sequence in the dataset has a length of 961. In addition, there 

are 4609 samples in the H1N1 dataset. Each sequence has a length of 535. 

 

 

 

 

 

 

 
 
 
 
 
 
 

3.3.  Construct a sequence-to-sequence long short-term memory model 

Sequence-to-sequence long short-term memory model shows a strong capability to deal with long 

sequences. This composite model inputs a sequence and outputs a possible predicted sequence. The 

basic structure of the composite model follows the traditional sequence-to-sequence model, while the 

difference is its encoders and decoders consist of LSTM layers. So, there are some LSTM layers in the 

encoder. The LSTM units in the encoder will convert input sequence information into the hidden vector 

and cell vectors passing to the next LSTM layers in the encoder. During the process of converting input 

sequence information into hidden vectors and cell vectors, LSTM layers selectively remember and forget 

information of the sequence to preserve the most important features. The encoder finally passes the 

hidden states and cell states with highly summarized sequence information to the decoder as the vector 

form. The formula (1) shows the way to compute the hidden state in the encoder:  

h(t)  =  f(W(hh) × h(t − 1)  +  W(h(x)) × x(t)) (1) 

where x(t) refers to the input sequence with length t, h(t) represents the current hidden state, and h(t-

1) represents the hidden state before h(t). The decoder’s structure is very similar to the encoder, which 

means the decoder also consists of some LSTM layers. The decoder uses the hidden states and cell states 

with the vector form from the encoder to produce the predicted sequence. The formula (2) represents 

the way to compute the hidden state in the decoder:   

h(t)  =  f(W(hh) × h(t − 1)) (2) 

 

Figure 3.  The way to process the RAN sequence. 

Table 1. The summarized basic information of the datasets. 

 H3N2 H1N1 

Number of samples 987 4609 

Length of samples 961 535 
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Here, h(t-1) represents the previous hidden state. Except for the first layer, each LSTM layer gets 

hidden states and cell states from the previous layer and the final LSTM layer passes the result to a dense 

layer and uses the Softmax function to get the probability distribution of mutation at each position in the 

sequence. The formula (3) shows the method to compute the output:  

y(t)  =  Softmax(W(s) × h(t)) (3) 

where W(s) is used to represent the weight of its corresponding hidden state. The Softmax function 

is used to compute the probability distribution. The hidden state and cell state of the first LSTM layer 

are from the encoder. Then, the predicted result can be inferred. The big picture of the sequence-to-

sequence long short-term memory model is demonstrated in Figure 4 [12]. 

The final step of constructing a reliable sequence-to-sequence long short-term memory model is 

configuring the hyper-parameters of the model. The configured best hyper-parameter of the model is 

shown in Table 2. 

Table 2.  The hyper-parameter configured in the experiment. 

 H3N2 H1N1 

Epochs 20 30 

Batch 10 10 

Activation function Softmax Softmax 

Training data size 0.8 0.8 

Testing data size 0.2 0.2 
 

3.4.  Validation 

Through the previous training process, the basic structure of the model is determined. The preprocessed 

validation dataset is inputted into the encoder to obtain the context vector. Then, the decoder will 

compute results according to the context vector from the encoder. To output the result in a required 

length, there is a dense layer to deal with the output from the decoder in the final step. Since the input 

data to the encoder is a sequence of numbers, the output generated by the decoder will be a sequence of 

numbers as well. To get a readable RNA sequence the integer sequence should be converted back into 

the corresponding word sequence, which means converting each integer into its corresponding word. 

Then, spliced all the words together to get the next generation of RNA sequences. The accuracy of the 

model is the ratio of the number of the correctly next-generation RNA sequence predictions to the total 

prediction. 

4.  Results 

The model is implemented by the Keras and Tensorflow library in Python 3.8. To evaluate the 

performance of the model, there are two measures the loss function and accuracy, as shown in Figures 

5-8.  

For the H1N1 virus dataset, the model has a result of 0.2 loss and 98.3% accuracy. For the H3N2 

virus dataset, the model has a result of 0.3 loss and 96.1% accuracy. Both losses of the two models can 

 

Figure 4.  The big picture of the Sequence-to-sequence long short-term memory model. 
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be considered as a low level and the accuracy is very high. So, they should be nice and reliable models. 

Thus, it can be concluded that these two models are both good enough to provide a reference for 

predicting the mutation of the viruses selected in the experiment. 

 

Figure 5. The loss function of the model with H1N1 dataset. 

 

 

Figure 6. The accuracy of the model with the H1N1 dataset. 

 

 

Figure 7. The loss function of model with the H3N2 dataset. 
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Figure 8. The accuracy of the model with the H3N2 dataset. 

5.  Discussion 

Rapidly and accurately predicting RNA virus mutations can promote the development of vaccines for 

corresponding RNA viruses. The sequence-to-sequence long short-term memory model in this 

experiment makes fast and accurate predictions of future mutants based on current RNA sequences, 

which demonstrated the power of deep learning methods when solving complex problems. One of the 

hard tasks in this experiment is to process plenty of sequences. For experiments with a lot of sequences 

requiring to processed, improving the quality of data mining is the key to improving the experimental 

accuracy. In the experiment, the information of each word is saved in the vector, which greatly improves 

the speed of information processing and the ability to extract key features of the model. So, good results 

are not surprising. Nonetheless, this experiment also shows something that needs to be noted in future 

further research. Firstly, high model accuracy depends on the hyper-parameters of the model. Once the 

hyper-parameters of the model are set incorrectly, the prediction results may appear a lot of errors. And 

models for different datasets need to configure different hyper-parameters. Secondly, the two viruses 

studied in this experiment are both influenza viruses. Whether the method in this experiment is also 

applicable to other types of viruses such as HIV needs to be further verified. However, anyway, this 

experiment holds out the promise of predicting virus mutations with little experimental time and 

financial cost. Although this experiment has some limitations, more datasets and experiments to verify 

the applicability of the method should be able to dispel people's concerns. 

6.  Conclusion 

Using artificial intelligence methods to predict virus mutation should be a good idea. Both machine 

learning methods and deep learning methods show great potential in predicting. However, in most past 

experiments, effectively predicting virus mutation rely on studying several components of the virus. In 

this experiment, the sequence-to-sequence LSTM model performs well in predicting mutations of the 

H3N2 virus and H1N1 virus and by recognizing and analyzing the current sequences of RNA alone, the 

possible future sequence can be predicted by the trained model. This not only indicates that deep learning 

methods have great potential in predicting the mutation of some viruses but also shows it is possible to 

predict virus mutation not relying on other components of the virus, like amino acids and proteins. 

Predicting virus mutation according to the sequences of viruses alone allows people to not study lots of 

components in the virus, which saves the time and funds of scientific research and improves efficiency. 

In the future, if there are more virus datasets with more experiments, it is possible to accurately predict 

the mutations of more kinds of the virus by using deep learning methods and widely using artificial 

intelligence to predict virus mutations in clinical trials. In addition, finding out the rationales for 
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mutation of the virus by using deep learning methods will be greatly helpful for fighting the virus as 

well, since it might allow people to defeat the virus at its root. To be specific, exploring how the RNA 

fragments of the viruses choose sites to splice and recombine when they are proliferating by using deep 

learning methods is looking forward to. 
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