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Abstract

:

After the COVID-19 disease, monkeypox disease has emerged today and has started to be seen almost everywhere in the world in a short time. Monkeypox causes symptoms such as fever, chills, and headache in people. In addition, rashes are seen on the skin and lumps are formed. Early diagnosis and treatment of monkeypox, which is a contagious disease, are of great importance. An expert interpretation and clinical examination are usually needed to detect monkeypox. This may cause the treatment process to be slow. Furthermore, monkeypox is sometimes confused with warts. This leads to incorrect diagnosis and treatment. Because of these disadvantages, in this study, the DNA sequences of HPV causing warts and MPV causing monkeypox were analyzed and the classification of these sequences was performed with a deep learning algorithm. The study consisted of four stages. In the first stage, DNA sequences of viruses that cause warts and monkeypox were obtained. In the second stage, these sequences were mapped using various DNA-mapping methods. In the third stage, the mapped sequences were classified using a deep learning algorithm. At the last stage, the performances of DNA-mapping methods were compared by calculating accuracy and F1-score. At the end of the study, an average accuracy of 96.08% and an F1-score of 99.83% were obtained. These results showed that these two diseases can be effectively classified according to their DNA sequences.
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1. Introduction


Monkeypox is an illness and a viral zoonotic infection caused by the monkeypox virus. It can spread from animals to humans and spread from person to person. It was first described as a zoonosis in endemic areas following the eradication of smallpox in the year 1980. Monkeypox virus is seen sporadically in the rainforest regions of Central and West Africa, particularly in the Democratic Republic of the Congo. Clinically, the disease is indistinguishable from human smallpox, chickenpox, and warts. Unlike other animal pox viruses, the monkeypox virus causes general infections in humans [1]. Monkeypox is clinically manifested by symptoms such as fever, malaise, fatigue, headache, muscle aches, back pain, low energy, rash, and swollen lymph nodes and can cause a range of medical complications. Monkeypox virus has an incubation period of 5 to 21 days, and the febrile stage usually lasts for 1 to 3 days [2].



Monkeypox was first identified in monkeys in laboratory studies in 1958, and that is where its name comes from. However, monkeys are not natural reservoirs. It was first seen in humans in 1970 in the Congo, where the smallpox virus was eradicated in 1968. Many cases of monkeypox encountered since this date have been seen in rural and rainforest areas. Since 1970, in eleven African countries (Benin, Nigeria, Cameroon, Democratic Republic of the Congo, Central African Republic, Gabon, Liberia, Ivory Coast, Republic of the Congo, Sierra Leone, and South Sudan), monkeypox virus has been found in humans. For the world, which is more susceptible to epidemics, especially after the COVID-19 pandemic, monkeypox can be considered a disease of global importance, as it affects not only West and Central African countries but also the rest of the world, albeit rarely and in small numbers. The first monkeypox epidemic outside of Africa was seen in the United States in 2003. This outbreak has resulted in over seventy cases of monkeypox in the USA. Then, monkeypox occurred in those who traveled from Nigeria to Israel and the United Kingdom in September 2018; to Singapore in May 2019, December 2019, May 2021, and May 2022; and again from Nigeria to the USA in July and November 2021. In May 2022, there were multiple cases of monkeypox in several nonendemic countries. Again, in May 2022, cases were reported in Canada, Australia, Israel, and the United Arab Emirates.



The world, which has been worried about the COVID-19 pandemic for about three years, started to worry about the monkeypox virus this time after the announcements of the World Health Organization. Many local and international research and survey studies have been conducted about monkeypox. Some of the studies provide brief information about monkeypox, which has attracted attention again after the COVID-19 pandemic. These studies generally aim to provide information about the clinical course, epidemiology, diagnosis, treatment, and prevention methods of the disease. While some of the studies [3] have questioned whether there is a need for concern, some have focused on surveys to reveal that monkeypox causes less worry [4]. With similar logic, another study presents whether there is a potential crisis or not, from a general point of view [5].



Since monkeypox causes rashes or pustules on the body, in some cases, these lesions are confused with acne, syphilis, herpes, or warts [6]. An expert opinion is required to distinguish between them. However, in some cases, the difference is not completely clear and causes the diagnosis to be made incorrectly. This situation causes the treatment to be wrong and causes the patient to lose time. To prevent such problems, the need for computer-aided systems has arisen [7]. In computer-aided diagnostic systems, skin images are generally used, and it can be determined whether the disease is monkeypox or another disease on these images. However, expert interpretation is required for images to be labelled. This causes the analysis process to be long. For these reasons, researchers turn to alternative computer-based approaches with less error rate and prefer bioinformatics studies for this. The aim of this study is to suggest using a different method from these methods to avoid the confusions mentioned, and to apply bioinformatics approaches for this. In this way, confusion of the new monkeypox disease with warts will be prevented, the physicians’ job will be easier, and the patients will not lose time in terms of treatment and diagnosis. For this, DNA sequences were used in the study and the distinction of these two diseases was made with an artificial intelligence technique. Today, the importance of studies based on bioinformatics and genomic signal processing has increased and it has been used effectively in health fields [8,9]. Since monkeypox is a new disease, although there are not many studies in the field of bioinformatics, certain studies are available in the literature. The study [10] focused on the phylogenomic characterization and microevolutionary manifestations of the multi-country monkeypox virus outbreak. In the study, information about the clade and the origin information of the epidemic genome sequences were obtained. In study [11], a rapid detection method was developed for monkeypox using a recombinase polymerase amplification assay. The researchers reported that the specificity of their method was 100%, while the sensitivity was 95%. In the study [12], the researchers aimed to make a comparison of clinical data via qPCR using oropharyngeal swabs, lesion swabs, and blood. So, this study showed the reliability of cutaneous lesion samples of swabs with the observation of DNA for the detection of monkeypox, which is considered the gold standard for diagnostics. Some studies [13,14,15] related to the subject have focused on the importance of vaccines and various vaccine studies, especially with the effect of the COVID-19 epidemic. Two vaccines for monkeypox have been approved in the United States. The names of these vaccines are JYENNEOS and ACAM2000. Vaccines are licensed by the FDA. The vaccines are of the live-virus-containing type, and the live virus form in the JYENNEOS vaccine is administered as an injection 28 days apart. The ACAM2000 vaccine, on the other hand, is a percutaneous injection, and it takes four weeks to obtain the result. It is stated that the vaccines provide benefits for the monkeypox virus, unlike the COVID-19 pandemic [13]. Studies have generally recommended that vaccines should be avoided during pregnancy. Vaccination is recommended in the current outbreak, especially for those who have encountered confirmed case owners, including healthcare workers [14]. In some studies, in the literature, it has been revealed that the price of the vaccine is not a significant barrier to vaccination among doctors. Study [15] provides an Indonesian example of such a study. According to the information we have obtained from the research [16], the structure of most of the proteins of the monkeypox virus is not yet known. It has been found that the AlphaFold2 method is frequently used in the literature to obtain protein structures of virus proteomes. In this study, the protein structures of the proteome of the reference monkey flower were predicted with the AlphaFold2 method and 186 high-fidelity protein structures were obtained.



To find solutions to the aforementioned problems, the BiLSTM (bidirectional long/short term memory) model, which is one of the deep learning models, was used in this study, and the DNA of viruses that cause monkeypox and warts were classified. The study consisted of four different stages. In the first stage, DNA sequences were obtained. In the second stage, DNA sequences were mapped using various DNA-mapping methods. These methods are atomic number, EIIP (electron ion interaction potential), integer number, real number, and molecular mass methods. Numerical expressions of DNA sequences were obtained through these methods and made ready for classification. In the third stage, the deep learning model was designed, and the DNA sequences were classified. At the last stage, the performances of DNA-mapping methods were determined using accuracy, recall, precision, and F1-score evaluation criteria. The highlights of the study are:




	
To the best of our knowledge, for the first time in this study, the DNA sequences of viruses that cause warts and monkeypox were analyzed using a DNA-mapping methods and classified with deep learning algorithm.



	
With this study, it was observed that the approach based on DNA sequencing may be more effective than visual inspection.








The main motivation of the study is the inadequacy of the visual diagnosis procedures and, accordingly, the wrong treatment. Therefore, computer-aided systems are needed, and automatic diagnosis is required. Monkeypox disease can be confused with warts on the skin in some cases. A certain expert opinion is needed, and the expert should carry out the examination in detail. To prevent this problem, skin images are used, and computer-aided systems are developed. However, expert interpretation is required for images to be labelled. This causes the analysis process to be long. For these reasons, in this study, a healthier and more effective method was preferred, and the distinction of diseases was made according to DNA sequences. Because the DNA of the two diseases is different, in this case, there is no chance of confusing the diagnosis of the two diseases based on DNA sequences. The contributions of the study can be expressed as follows:




	
In this study, the distinction between monkeypox and warts was made according to the DNA sequences and the similarity between these two diseases was eliminated. There is no confusion as the DNA sequence is different in the two diseases.



	
Since the distinction between the two diseases is based on DNA sequences, a visual inspection is out of the question. In this way, specialists will not have direct contact with patients and will not examine them manually.



	
By obtaining the DNA sequence of the virus seen in the patient, the diagnosis of the disease can be made easily. In this way, both warts and monkeypox will not be confused and there will be no wrong treatment.








The organization of the study is as follows. In Section 2, information about the data set and deep learning model used in the study is given. In addition to these, DNA-mapping methods are also mentioned. In Section 3, the results of the application were examined and discussed. In addition, the advantages and disadvantages of the study are also emphasized. In Section 4, the study is summarized and the highlights of the study are given and future studies are mentioned.




2. Material and Methods


2.1. MPV and HPV Data Set


In this study, DNA sequences of MPV (Monkeypox Virus) and HPV (Human Papilloma Virus) virus were used, and a distinction between these two viruses was made by classifying them with these sequences. A total of 110 genome sequences, 55 each, were used for the MPV and HPV virus. The reason the genome count is so low is that MPV is a new virus and does not have as many data as HPV. Therefore, the data set is unbalanced. In order to avoid this problem, the zero-padding method, which is one of the methods frequently used in bioinformatics fields, was used [17]. To eliminate the imbalance between these data, the lowest number of viruses was taken as a basis and the data were obtained with the same number. The highest DNA sequence length for HPV virus is 7904 while the lowest DNA sequence length is 409. The highest DNA sequence length used for MPV was 198,740, while the lowest DNA sequence length was 942. According to the information given, the DNA sequence lengths for both virus types were not equal. With this method, 0 was added to the end of the DNA sequences and this process was performed until the highest DNA sequence length was obtained. Since the maximum sequence length for this study was 198,740, 0 was added to the end of all DNA sequences until the lengths of all DNAs were 198,740. In this way, all data had equal length and the imbalance was eliminated. Table 1 contains information showing the final state of the data.



After the data set was created, all DNA sequences were converted into numerical expressions with various DNA-mapping techniques and classified.




2.2. DNA-Mapping Methods


In order for DNA sequences to be evaluated using artificial intelligence methods, the sequences must be converted into numerical expressions. DNA sequences consist of four bases. These bases are adenine (A), thymine (T), cytosine (C) and guanine (G). There are methods in the literature that can convert these bases into various numerical expressions. In this study, some of these methods were used and DNA sequences were mapped. In line with the study, five different methods were used: integer number representation, real number representation, atomic number representation, EIIP, and molecular mass. The integer-mapping method is widely used in DNA studies [18]. In this method, DNA bases are first listed alphabetically and after the sorting process, integer values are assigned to the bases. In this direction, the value is 1 for the A base, 2 for the C base, 3 for the G base, and 4 for the T base. For example, a DNA sequence S(n) = [ACTGCTAGC] is mapped as C(n) = [124324132] with the integer number representation method. In the real-number-mapping technique, the bases are assigned values of −1.5 and 0.5. These values differ for bases. In this method, the A base takes the value −1.5, while the T base takes the value 1.5. In addition, the C base is expressed with the value of 0.5, while the G base is converted into a numerical expression with the value −0.5. The integer and real-number-mapping methods are frequently used in studies carried out with artificial intelligence. The biggest reason for this situation is that the deviations in these methods are symmetrical [19,20]. For example, a DNA sequence of S(n) = [ACTGCTAGC] is mapped as C(n) = [−1.5 0.5 1.5 −0.5 0.5 1.5 −1.5 −0.5 0.5 using the real mapping method. In the molecular mass DNA-mapping method, the numerical values of the bases are determined based on their molecular masses [21,22]. In this method, A = 134, C = 110, G = 150, and T = 125 values are used. For example, a DNA sequence S(n) = [ACTGCTAGC] is converted into a numerical expression such as C(n) = [134 110 125 150 110 125 134 150 110] by the molecular mass DNA-mapping method. Integer number, real number, and molecular mass mapping methods are evaluated in the category of fixed mapping methods. The atomic number and EIIP methods are the leading physicochemical-based mapping methods. The atomic numbers of the bases are considered in the atomic mapping method [23]. In line with this method, the A base takes the value 70 and the G base takes the value 78. Moreover, the C base is denoted with the value 58, while the T base is expressed by the value 66. For example, a DNA sequence given as S(n) = [ACTGCTAGC] is converted into numerical expressions such as C(n) = [70 58 66 78 58 66 70 78 58] by the atomic number mapping method. In the EIIP DNA-mapping method, each nucleotide found in the sequence is matched with the half-valence numbers in the EIIP representation [24]. In this method, the A base takes the value 0.1260, the G base takes the value 0.0806, the C base takes the value 0.1340, and the T base takes the value 0.1335. For example, a DNA sequence given as S(n) = [ACTGCTAGC] is converted into numerical expressions such as C(n) = [0.1260 0.1340 0.1335 0.0806 0.1340 0.1335 0.1260 0.0806 0.1340] by the EIIP DNA-mapping method.




2.3. Deep Learning Model


Deep learning, which is widely used in many fields such as social media, finance, health services, cyber security, and digital assistantship, is defined as a more complex form of artificial neural networks that work like the human brain in its simplest form. With deep learning, using very large data sets, high-level new data are derived without the need for external intervention or human factors, by completing the processes of learning from low-level features, memorizing, and revealing the relationship between data. In this context, deep learning is closely related to artificial intelligence, which has become very popular today, and is closely related to machine learning. A memory is added to the artificial neural network with RNNs (recurrent neural networks), which is one of the widely used deep learning methods. Thus, the neural network will produce an output considering the inputs it has received before. There is a self-feeding loop in the RNN, where many neurons in the network are evaluated. Since neurons connect with the previous neuron over time, the currently working neural network can receive information from the previous neuron. RNN creates networks with loops to make the information permanent. After these networks are created, the output of each layer is given as input to the next hidden layer. Thus, every previous output is learned. If the traditional RNN working in this way has only a short-term memory, it causes problems such as gradient descent when the depth of neural networks increases [25]. One of the RNN architectures, BiLSTM, is a neural network used in natural language processing. The input given in the BiLSTM architecture flows in two directions, from right to left and from left to right. Thus, another LSTM layer is added to the LSTM layer in the opposite direction. In this context, a strong structure is obtained by modeling the sequential dependencies between words and expressions in both directions of the input. BiLSTM consists of two forward and backward LSTM networks. In this way, BiLSTM provides additional training to the data by crossing the data given as an input in both directions. With the forward LSTM layer, chronological data are considered. The forward layer is important for prediction. The backward LSTM layer protects the previous and next information of the system. BiLSTM provides recognition by memorizing long data series [26]. Due to this structure, the BiLSTM architecture produces efficient results in various fields such as sentence classification, speech recognition, and natural language processing. Due to these advantages of the BiLSTM model, this model structure was used in this study and DNA sequences were classified. The flow chart of the study is given in Figure 1.





3. Application Results and Discussion


In this study, DNA sequences of MPV and HPV viruses were used and classified. In the study, DNA sequences were converted into numerical expressions with various DNA numerical mapping methods and the performances of these methods were evaluated with accuracy, F1-score, precision, and recall evaluation metrics. The parameters of the BiLSTM model used in the study were determined by a trial-and-error approach and the parameters producing the most successful results were considered. The parameters of the deep learning model are given in Table 2. While performing the classification with the model, 80% of the data were trained and the remaining 20% were used for testing. This approach was preferred due to the large data set size. The results of the classification process are given in Table 3.



According to the classification results given in Table 3, all DNA-mapping methods performed an effective classification process. The lowest classification process was obtained with the real number DNA-mapping method, and an accuracy score of 91.85% was obtained with this method. All the remaining DNA-mapping methods showed an accuracy of over 95%. Among these methods, the lowest accuracy value was obtained with atomic number DNA-mapping method and molecular mass DNA-mapping method, and the accuracy scores of these methods were 95.57% and 95.84%, respectively. The most effective classification was carried out by the EIIP DNA-mapping and integer number DNA-mapping methods. While 97.65% accuracy was achieved with the EIIP DNA-mapping method, this rate increased to 99.50% in the integer number DNA-mapping method. In cases where the data set is unbalanced, the accuracy score alone may not be an adequate evaluation criterion [27]. Although the data set used in the study was balanced, the performances of other evaluation criteria were also calculated, and the performances of DNA-mapping methods were also evaluated with these criteria. As the values of recall, precision, and F1-score get closer to 100%, the performance of the classifier becomes more effective. With this study, the success of all DNA-mapping methods was over 99%. This proved that the methods were effective in the classification process. The confusion matrix of all DNA-mapping methods is given in Figure 2.



Since the new monkeypox disease is still in its early stages, a large number of data are not available. However, the designed deep learning model effectively classified MPV and HPV, with an average accuracy of 96.08%. Although the results were high, each DNA-mapping method produced different results, as seen in Table 3. The lowest accuracy score was obtained from the real number, atomic number, and molecular mass DNA-mapping methods. The real number and molecular mass DNA-mapping methods are fixed mapping methods. In short, there is no need for certain knowledge (structure of bases, chemical properties, etc.) while performing the mapping process with these methods. In the real number DNA-mapping method, numbers are assigned to the bases in the DNA sequences, while the masses of the DNA bases are used in the molecular mass DNA-mapping method. This may have caused the information in the DNA sequences to be lost. The atomic number DNA-mapping method, on the other hand, is a physicochemical-based method, unlike these two methods. In this method, the mapping process was carried out according to the chemical properties of the bases. The reason why this method was less ineffective than real number and molecular mass DNA-mapping methods may be that the chemical properties of bases were not used in the study. The use of chemical properties may increase the performance of this method. The most effective classification process was carried out with the EIIP and integer number DNA-mapping methods. The EIIP DNA-mapping method is a physicochemical-based method just like the atomic number DNA-mapping method. The reason why this method was successful over the atomic number DNA-mapping method may be that its size takes up less space. In artificial intelligence applications, the size of the data is of great importance and affects the classification performance. In addition, the use of chemical properties of bases may positively affect the performance of this method. The most effective classification result was obtained by the integer number DNA-mapping method. In this method, the mapping process is not based on specific information. However, it is a method often used in artificial intelligence applications. The main reason for this is that the deviations are symmetrical in this method [19]. This has a positive effect on the performance of the classifier.



The advantages and disadvantages of the study can be expressed as follows:




	
The number of data is of great importance in deep learning studies. Although the number of data used in this study was small, an effective classification process was carried out. In the future, the DNA sequences of the virus will multiply, and more data will be obtained. Since the results of the classification process with more data will be healthier, the results of the findings obtained in this study may vary.



	
Furthermore, only one of the deep learning models, the BiLSTM model, was used in this study. The use of different deep learning models or the use of machine learning algorithms will pave the way for the comparison of the study in terms of the literature and will show the effect of computer-aided approaches.



	
Finally, it is sometimes difficult to determine whether human bumps are monkeypox or warts. Even experienced specialists cannot distinguish them clearly in some cases, and this may cause the diagnosis and treatment to be wrong. Diagnosis based on DNA sequences, which was the starting point of this study, was more effective. In this way, the distinction between these two diseases can be made clearly. Obtaining the DNA sequence of the disease seen in the body and analyzing this sequence with computer-aided applications will be healthier in terms of both diagnosis and confidence. The application results obtained support this.



	
The performance of the model varied according to the DNA-mapping methods used. This reveals the biggest limitation of this study. The absence of a standard method and the variation in the model according to the mapping methods reduce the applicability of the model. It takes time to identify and implement an appropriate mapping method.



	
In this study, raw DNA sequences were used and classified only by mapping methods. Performance can be increased by applying various feature extraction operations (signal processing, image processing, etc.).



	
In addition, a secure and distributed environment can be created to share data. In this way, the number of data can be increased and more robust and reliable applications can be developed. Blockchain technology, one of the new technologies, can be applied to this field and evaluated in future studies. It has been observed that similar applications are made for COVID-19 disease, which has become a pandemic today [28].



	
Furthermore, some optimization algorithms can be used, and these results can be improved. Optimization algorithms are frequently used in data classification studies and can positively affect the classification result [29]. It is important to use optimization algorithms in future studies.



	
In this study, DNA sequences were used and new monkeypox and wart diseases were predicted from the DNA sequences. However, diseases can be predicted with RNA sequences and effective results are obtained [30]. In the future, RNA sequences of new monkeypox and wart disease should be used and the results obtained in this study should be supported.









4. Conclusions


In this study, DNA sequences of viruses that cause monkeypox and warts were used, and a distinction was made between these two diseases by classifying the sequences. The study consisted of four different stages. In the first stage, DNA sequences of MPV and HPV were obtained. In the second stage, DNA sequences were mapped with five different methods, namely integer number, atomic number, EIIP, molecular mass, and real number DNA-mapping methods. In the third stage, a deep learning model was designed and BiLSTM was used in this direction. At the last stage, classification was made and the performances of DNA-mapping methods were determined using accuracy, recall, precision, and F1-score evaluation criteria. Five different DNA-mapping methods used made an effective classification and an average accuracy of 96.08% was obtained. At the end of the classification stage, the most ineffective classification result was obtained with the real number DNA-mapping method and an accuracy score of 91.85% was calculated. The accuracy scores of atomic number and molecular mass DNA-mapping methods were close to each other. While an accuracy score of 95.84% was obtained in the molecular mass method, this score was 95.57% in the atomic number DNA-mapping method. The most effective accuracy values were reached by EIIP and integer number DNA-mapping methods. These two methods showed an accuracy of over 97%. While 97.65% accuracy was obtained with the EIIP method, 99.5% accuracy was observed with the integer number DNA-mapping method. In line with the findings obtained as a result of the study, it was observed that the classification and DNA-mapping methods used were effective in determining wart and monkeypox disease. In future studies, different deep learning or machine learning algorithms will be used and the findings obtained in this study will be supported. With this study, a study in this field has been added to the literature and it is hoped that this study will lead to future studies.
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Figure 1. Flowchart of the study. 
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Figure 2. Confusion matrix results of DNA-mapping methods. (a) Atomic number, (b) EIIP, (c) Integer number, (d) Molecular mass, (e) Real number. 
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Table 1. Information about the data set in the study.
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	Virus Type
	Num. of Genoms
	Sequence Length
	Num. of Features





	MPV
	55
	198,740
	10,930,700



	HPV
	55
	198,740
	10,930,700
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Table 2. Parameters of the designed deep learning model.






Table 2. Parameters of the designed deep learning model.





	Type of Parameters
	Value





	Number of LSTM units
	64



	Number of layers
	1



	Activation function
	ReLU (Rectified Linear Unit)



	Learning rate
	0.0001



	Loss function
	Categorical crossentropy



	Number of epochs
	500



	Optimization
	Adam



	Decay
	0.000001



	Momentum
	0.3



	Number of fully connected layers
	2



	Number of fully connected neurons
	256 and 128, respectively



	Dropout rate
	0.20
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Table 3. Classification performances of DNA-mapping methods.
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	DNA-Mapping Methods
	Accuracy Rate
	Precision Rate
	Recall Rate
	F1-Score





	Atomic number
	95.57%
	100%
	99.44%
	99.71%



	EIIP
	97.65%
	99.92%
	100%
	99.95%



	Integer number
	99.50%
	100%
	99.53%
	99.76%



	Molecular mass
	95.84%
	100%
	99.53%
	99.76%



	Reel number
	91.85%
	99.91%
	100%
	99.95%
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